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Abstract
This thesis presents a series of comprehensive analyses based on inertial mea-
surements obtained from wearable sensors to quantitatively describe and assess
human kinematic performance in certain tasks that are most related to daily
life activities. This is not only a direct application of human movement anal-
ysis but also very pivotal in assessing the progression of patients undergoing
rehabilitation services. Moreover, the detailed analysis will provide clinicians
with greater insights, especially in characterizing movement disorders and re-
fining the diagnostic procedures. This is destined to impact the current clinical
examinations as well as post-operative care.
This dissertation explores several important topics in terms of human mo-
tion analysis using inertial measurement units under three following aspects.
Musculoskeletal movement disorders relating to upper extremity were investi-
gated through objective analysis and evaluation with appropriate signal pro-
cessing techniques. Kinematic characteristics of human arm and wrist segments
in certain dynamic settings were studied by applying various limb orientation
estimations based on Wahba’s problem and its solutions. Interestingly, using
the similarity concept derived from classical dynamic time warping algorithm
in the form of quaternion, kinematic trajectory of the wrist’s functional perfor-
mance was proposed as a significant feature for characterizing the differences
between two cohorts namely normal and movement-impaired subjects without
calculating the range of motion. Further, various forms of entropy measures
were examined to uncover underlying characteristics of gait and postural sta-
bility control which intrinsically described the neurodegenerative disabilities
in persons affected by cerebellar ataxia. Therefore, an objective assessment
scheme using inertial measurements derived from a low-cost wearable sensor
platform was devised to capture unique ataxic features regarding axial abnor-
malities which are not directly observed by the clinicians.
xii
Table of Notations
IMU Inertial Measurement Unit
L(A) Loss function to find the orthogonal rotation matrix A
tr(ABT ) The trace of square matrix between matrix A and the transpose
of matrix B






adj(S) The adjacency matrix S
Aopt The optimal attitude matrix
esin(φ
2
) The rotation axis e and rotation angle φ
ψ(λmax) The quartic function of singular value λmax
SVD Singular Value Decomposition
QUEST QUaternion ESTimator method
FOAM Fast Optimal Attitude Matrix method
ESOQ EStimator of the Optimal Quaternion method
DTM Dart Thrower’s Movement
~p(t+∆t) The sequential position vectors of the palm (~b) with respect to
the forearm (~a)
LMC Leap Motion Controller
RUD Radial - Ulnar Deviation
FE Flexion - Extension
DTW Dynamic Time Warping
xiii
Dopt The optimal dynamic path between two arbitrary trajectories
CA Cerebellar Ataxia




ML Medial - Lateral
AP Anterior - Posterior
VT VerTical
ROC Receiver Operating Character
AUC Area Under the ROC Curve
FFT Fast Fourier Transfrom









Functional mobility usually refers to the level of ambulatory capability in a
natural-living environment such as walking, running, climbing and even when
handling assistive equipment, such as walkers, crutches and canes. About 15%
of the world population experiences with several forms of disabilities, of whom
2% − 4% suffers difficulties with severe functional health problems [11]. This
global disability prevalence can also be observed in Australia whereas more
than 480,000 hospitalised injury cases occurred in 2014 - 2015 [12]. Among
this significant number of hospital admissions, people with aged 65 or over ac-
counted for 30% of injury cases. This is forecasted to continue rising over the
next decades due to the increasing number of elderly ageing population which
is projected to be double by 2057 [13]. Besides, it is evident that the prevalent
tendency of numerous movement disorders usually associates with age which
is in agreement with the global trend. Indeed, Australia’s older generation is
regarded as a considerable proportion of Australia’s aging population whereas
more than 1 in 7 people were aged over 65 in 2017 [13]. Musculoskeletal disor-
ders are the most frequent occupational diseases in Europe while in Australia,
injuries and musculoskeletal disorders led to 90% of serious medical claims in
2015 - 2016 [14] and the most common causes were identified through traumatic
joint/ligament and muscle/tendon injuries, accounting for 41% of the general
nature of work-related injury or disease as shown in Figure 1.1 [1]. As a result,
these facts related disability issues create both pressures and opportunities to
Australia’s health and welfare sectors. More importantly, this consequently
raises an extremely high demand in the context of remote health condition
1
Chapter 1. Introduction 2
Figure 1.1: Nature of work-related injury or disease [1].
monitoring for rehabilitation purposes. In this scenario, one of the major goals
of physical rehabilitation services is to regain the functional kinematic perfor-
mance on a regular daily basis, in order to promote more independent lives
[1]. Therefore, there is an essential need to achieve a deeper understanding in
systematic characterization of motion disturbances to enhance the clinical di-
agnosis, improve therapeutic treatments and assess patient’s recuperation in a
more effective and objective means. Motivated by this matter, various technical
approaches are investigated to propose a number of objective quantifications
for capturing kinematic disabilities by using low-cost wearable sensor systems.
1.2 Background
Remote health condition monitoring system in real-time applications is recently
becoming a pivotal part of special interest in biomedical research due to the
rapid increase in the aged population associated with numerous abnormal dis-
abilities, musculoskeletal injuries and neurological movement disorders. As a
consequence, the need for such practical applications is always in high demand.
Among those approaches, physical therapy or physical rehabilitation has been
applied extensively to assist patients in regaining the operational abilities when
performing Activities of Daily Living (ADLs).
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The advancement in assistive bio-medical devices has drawn significant at-
tention in recent decades for various physical impairments and associated re-
habilitation activities. Primarily, developing an affordable, high-quality and
robust platform is significantly critical to capture human motions for quan-
titative clinical assessments. As a matter of fact, human motion monitoring
systems which engage a number of sensor technologies have already been ex-
ploited widely in rehabilitation programs for patients under numerous physical
and neurological conditions. However, the major challenge in most sensing sys-
tems is the considerabe costs of design and implementation. Further, several
sensing approaches are only applicable in laboratory settings, and hence lim-
ited the uses in practice since it is inconvenient for both clinicians and patients
to extend the clinical assessments and remote health monitoring. Therefore,
the efficiency and long-term use of sensor systems are vital to their success-
ful uptake in the medical device arena. The uses of sensing technologies in
rehabilitation can be described in terms of different characteristics such as
wearable/non-wearable and optical/non-optical. Yet, each of these categories
contains both advantages and disadvantages. Considering the cost aspect, ac-
curacy, compactness, portability and ability for long-term monitoring, wearable
sensors such as Inertial Measurement Units (IMUs) have been considered not
only to overcome such constraints in the health care systems but also to facil-
itate the motion monitoring in patient’s daily activities.
The problem of accurate orientation estimation is essential in a wide range
of applications, and of interest to this thesis. Several attitude estimation al-
gorithms are available to produce 3D orientation of motions which are derived
from inertial sensors. One common approach is based on the deterministic
(least-squares) method which was originally proposed in 1965, considered as
the so-called Wahba’s problem. A number of solutions to this problem have
been introduced in literature, notably Davenport’s q-method, QUaternion ES-
Timation (QUEST) method and singular value decomposition-based method.
It is necessary to determine an optimal algorithm which produces accurate
orientation estimation in real-time human body motion tracking applications.
Also, after capturing human motions, an advanced approach in represent-
ing human movements is vital to deliver an automated outcome measurement
scheme to quantitatively and objectively assess the functional performance of
impaired patients. As [9] pointed out, one of the most difficulties in rehabil-
itation is how to reduce redundant information measured by inertial sensors,
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thereby providing meaningful insights not only to specialists but also to pa-
tients. Therefore, an emerging challenge is to figure out the significant features
that can be utilised to manifest the functional characteristics of human motions
so that their kinematic performance index can be well-preserved while other
less significant characteristics can be reduced as much as possible. One increas-
ingly effective approach is based on kinematic trajectory features described in
the form of time-series quaternions measured from inertial measurements. Fur-
thermore, there has been a renewed attention in identifying how the complexity
of physiological signals changes along with the health status [12]. Entropy mea-
sures can also lead to the quantification of changes in physiological movements,
possibly due to disabilities such as inability to regulate postural fluctuations
[24]. In practice, a wide range of different dynamic physiological models in-
cluding speech signals and biological measurements relating to brain and heart
signals [25] have been characterised using entropy based approaches.
Last but not least, an important challenge of rehabilitation services is to
enable patients for the conduct of rehabilitation exercises in their most famil-
iar settings by providing means of home-based health monitoring environment
for regaining the operational ability when performing ADLs. Due to various
requirements from patients, multi-function technical programs that can be run
on mobile devices is extremely useful. The crucial features of these devices
include the appropriate placement on the human body, sensor’s quality, a rela-
tively low-power demand and wireless communication functionality. By doing
so, the kinematic performance of patients during rehabilitation programs and
daily living can be recorded and assessed effectively.
As a result of the significance in rehabilitation for patients with physical
and neurological disabilities, the work investigates the uses of assistive devices
based wearable sensors in this field.
1.3 Human Movement Analysis
Human movement estimation (or motion capture) techniques are widely used in
robotics, human-machine interation, sports and other applications that require
real-time measurement for capturing human motions, particularly in rehabili-
tation. The instrumented human movement analysis in sensor-based measure-
ment techniques is generally aimed at objectively describing and quantitatively
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assessing the kinematic performance as well as the motor capabilities of a sub-
ject. It is fundamental for assessing pathological conditions, compensatory
motor strategies, and for evaluating the improvements during a rehabilitation
scenario, in a more sensible and objective manner than the ordinal scores of
‘semi-quantitative’ clinical scales. Advances have been made to better quan-
tify the levels of occupational manifestation by improving exposure metrics,
quantification of three-dimensional loads experienced by certain joints (e.g.
the spine). Efforts to quantitatively link biomechanical loading, soft tissue
tolerance, and psychosocial studies should be pursued to establish a deeper
understanding of the pathways with regard to injury and resultant preventive
strategies. Through instrumented movement analysis (IMA), the kinematic and
kinetic parameters of human motions can be determined, and musculoskeletal
functions can be quantitatively evaluated. As a result, IMA has been employed
widely in clinical assessments, rehabilitation, sports, and even diagnostics in
order to determine the levels of impairment of disabilities.
1.3.1 Musculoskeletal Injuries
Musculoskeletal disorders are among the most costly health care problems
pressing the current society. Being one of the major areas where physical reha-
bilitation is applied, movement disorders associated with various injuries and
impaired conditions that consequently lead to abnormal movements and disabil-
ities. There are a number of different causes resulting in abnormal movements,
which can be classified into two main categories, including musculoskeletal in-
juries and neurological movement disorders. In this section, several examples
in these categories are briefly discussed as below.
Musculoskeletal injuries relating to upper extremity
Prevalence of upper body and lower limb complaints is tremendous while upper
body symptoms being more frequently reported than lower limb complaints.
According to the work health and safety satistics in Australia (2014 - 2015),
the location of the body most commonly affected by injuries and diseases that
led to increase the number of serious claims was upper limb (26%) as shown
in Figure 1.2. These injuries are normally observed in particular joints with
certain degrees of movements, such as shoulder, elbow and wrist in upper ex-
tremities, which may eventually lead to abnormal movements or disabilities.
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Figure 1.2: Locations of the body subjected to work and related injuries [1].
Also, people who have suffered neurological damages owing to stroke or spinal
cord injuries may have impaired upper extremity functionality, muscle weak-
ness and difficulties in controlling their basic movements. In addition, the loss
of such functionality is more severe because it is fundamental for performing
ADLs such as drinking a cup of water or driving a car.
Upper extremity disorders (UEDs) are a major problem in modern society
whereas affect people all over the world [15]. Besides the impact on patients
themselves, the disorders also form a huge economic burden due to costs for
health care systems. UEDs affect people all over the world. Indeed, not only
occupational use of the upper limbs, but also psychosocial impact such as high
stressful job and demand [16], [17], non-work-related stress [18] and personal
characteristics such as coping can cause UEDs. Most UEDs are manifested as
pain, discomfort, or tingling in the upper extremity [19].
Recently, work-related hand and wrist injuries are the most common work-
related injury type which accounts for 38% of work-related hospitalisations
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Figure 1.3: The 10 most common bodily locations of injury accounted for a
total of 93% of work-related hospitalisations [2].
in Australian Workforce [2]. As shown in Figure 1.3, this type is a very com-
mon cause of work-related injury admission to hospital emergency departments
throughout Australia, it therefore results in more than thousands of hospital
admissions every year [20]. The injuries range from being relatively minor to
very severe. Clinically, the wrist is defined as a composite joint. When the
wrist moves, a series of complicated interaction and accumulation of move-
ments constitute actual wrist motions by engaging different joints. In order
to assess the progress of rehabilitation in patients after surgical operations,
the orthopaedic specialist and clinical therapist usually measure the range of
movement of several basic motions at the wrist joint as depicted in Figure 1.4.
However, the assessments of these basic motions at the wrist joint are not ade-
quate to appraise and conclude how well subjects use their wrist joints during
daily activities [21].
Moreover, in recent years, a renewed attention has been drawn into the
“dart-thrower’s motion” (DTM) as this functional motion is unique to humans
and this is believed to play a pivotal role in human evolution [22]. In fact, most
daily activities occur at the wrist joint using a common kinematic pattern called
as DTM (as described in Figure 1.5) [10, 23].
Despite the significant role of this motion, it has received relatively few
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Figure 1.4: Typical assessment of human wrist performance at clinic.
Figure 1.5: Presentation of Dart-Thrower’s Motion.
formal investigations in regard to real-time data measurement due to the limi-
tations in image acquisition speeds and radiation exposure when using Marker-
less Bone Registration (MBR), Computed Tomography (CT), and Magnetic
Resonance Imaging (MRI) [24]. For example, CT scan techniques have been
used in a number of research activities, but the positions of the wrist were
recorded in static posture, not in a dynamic setting. Although there have been
some comprehensive studies examining DTM, the terminology of this functional
movement is still obscure [22]. Indeed, the bio-kinematic characterization link-
ing the daily activities of this functional motion requires further investigation.
To the best of knowledge, a data acquisition for DTM with real-time motion
capturing has not been reported yet.
Thus, studying the human wrist joint can provide deeper understanding on
human wrist performance regarding DTM, in particular, is the most common
daily life movement that requires continuous force generation and targeted ac-
curacy. Knowing the joint angle associated with a specific task as DTM can help
orthopaedic therapists to make more specific progressive recommendations in
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Figure 1.6: Basic motions of wrist joint - flexion/extension and radial/ulnar [3].
rehabilitation courses or to compare the changes between pre-operative surgery
and post-surgical treatments. The outcomes aim to assist doctors in quantita-
tively assessing the level of rehabilitation progress after surgical operation and
the level of flexibility of the wrist joint in different functional tasks and cohorts.
Dart-Thrower’s Motion (DTM)
Definition of DTM
DTM is defined as an arc of motion that is performed using an oblique plane
which starts in wrist extension and radial deviation and then moves to wrist
flexion and ulnar deviation (Figure 1.6). Although there have been several com-
prehensive studies examining DTM, the terminology of the functional oblique
movement is still gloomy. A plane in which wrist functional oblique move-
ment occurs, especially from radial-extension to ulnar-flexion is called as “DTM
plane” [4]. In 1897, Corson [25] presented that the axes of the radiocarpal and
midcarpal joint motions were oblique and also confirmed that pure flexion-
extension and abduction-adduction were still unclear. DTM is considered one
of the most natural rotations of the wrist that can be carried out with mini-
mum muscle force and the most common used plane of wrist motion in daily
activities. The oblique plane of physiologic DTM is sole individually and re-
lies on a wide range of anatomical factors. Palmer et al. [26] used a triaxial
electrogoniometer to measure the wrist oblique motion quantitatively and how
much wrist rotation was used in implementing a number of daily activities.
Various tasks such as combing hair and hammering were carried out by mov-
ing the wrist from an extension-radial to less extension-ulnar defined as DTM.
Further, the orientation of DTM plane also differs among activities and varied
among individuals when performing same activities.
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Figure 1.7: (a) represents wrist angle representation and calculation of the
functional coupling values for θ1 and θ2. During DTM, the hand rotates around
two axes of the wrist joint, the flexion-extension (FE) axis (red) and radial-
ulnar deviation (RUD) axis (blue), and (b) illustrates an angle-angle plot of a
dart-throwing kinematic motion path (red-dotted line) [4], [5].
Overview
Recently, three dimensional motion analysis technologies have been developed
rapidly which allowed researchers to immerse in investigating wrist oblique
movements quantitatively and discovered more insights about the functional
oblique movements. However, the kinematic differences of the wrist motions
along a pure or functional DT planes are not completely revealed. Considering
the performance of hammering movement as one of the most common functions
of DTM, it was proved that activities require larger wrist motions could be
facilitated by a functional DTM considered as a critical motion for a wide
range of common daily activities that requires continuous force generation and
targeted accuracy. Moritomo et al. [5] proposed a definition relating to “wrist
coupling motions” which can also be clinically referred as DTM. The angle
between the horizontal line and the principal axis was calculated by simple
trignometry as represented in Figure 1.7.
Moritomo et al. [5] examined a wide range of tasks including dart throwing
in two conditions (free and splinted) to evaluate the hypotheses that kinematic
coupling parameters and performance would be considerably different between
two conditions. The results showed that when the subjects were splinted, the
Chapter 1. Introduction 11
Figure 1.8: Description of damaged cerebellum which causes cerebellar ataxia
disorders [6].
kinematic performance of dart throwing decreased considerably. Moreover,
there is no particular DTM for all functional tasks such as basketball shooting,
baseball throwing and football throwing, thus the wrist kinematic coupling
parameters should be defined separately for each functional task. After testing,
Moritomo et al. [5] concluded that “the term wrist coupling as opposed to DTM
can be used to describe relevant motions that employ a combination of flexion-
extension and radial-ulnar deviations”.
In a series of studies, Curran et al. [22] employed two IMU sensors to
quantify the ROMs of the wrist joint and investigated the functional kinematic
coupling of FE and RUD movements during three operational tasks: dynamic
hammering, slow/static hammering and dart throwing. Subsequently, advance-
ments in wearable inertial sensor technology enabled the measurements of wrist
kinematics to examine the relatively minor differences that can quantify and
assess a dart player’s technical proficiency by monitoring the over-arm throwing
movements [23].
1.3.2 Neurological Movement Disorders
Different from musculoskeletal injuries, movement disorders are generally in-
dicated by various symptoms and signs resulted from various neurological dis-
orders and conditions. Ataxia is a term used to describe a condition charac-
terised by neurological disorders or incoordinate movements and is commonly
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caused by diseases affecting the cerebellum (Figure 1.8) as well as its connec-
tions within the central nervous system (CNS). Ataxia may present either as a
pure cerebellar syndrome or associated with significant cognitive, sensory and
autonomic dysfunction, and can also be considered as a dominant feature of a
more widespread neurodegenerative disorder. Numerous patients with ataxia
may be permanently confined to a wheelchair and even in last stages be per-
manently incapacitated. It is therefore not surprising that the investigation of
cerebellar ataxia often leverages considerable diagnostic challenges for further
novel studies.
Cerebellar ataxia is not a rare condition. Hospital Episode Statistics (HES)
for England and Wales (2005-2006) suggested admission figures as similar to
disorders such as myasthenia gravis, idiopathic intracranial hypertension and
bacterial meningitis, and three times greater than Huntington’s disease (HD).
However, these statistics are likely to significantly underestimate the true extent
of the problem as cerebellar disease frequently occurs as a feature of other
primary neurological disorders such as multiple sclerosis (MS), stroke and CNS
tumours. Contemporary estimates of the prevalence of autosomal dominant
cerebellar ataxia (ADCA) reveal between 0.31 - 8.0 over 100,000 in the UK and
1.2 - 41.0 over 100,000 worldwide. Prevalent estimates for sporadic idiopathic
late-onset cerebellar ataxia are limited, but a minimum prevalence of 10.8 over
100,000 has been suggested for the UK. These data suggest that there are at
least 10,000 cases of familial and sporadic late-onset cerebellar ataxia (LOCA)
in the UK alone, with the majority of both familial and sporadic cases having
undefined aetiology.
1.4 Assistive Instruments in Rehabilitation
1.4.1 Traditional Tools
Measuring joint range of motion is an essential part of human movement anal-
ysis research. In order to perform activities efficiently with minimal effort, full
range of motion across the human body kinematic joints is crucial [27].
Historically, the visual examination was engaged to measure the range of
motion (ROM) as reported in 1918 [28]. In 1960s, a report published by the
American Academy of Orthopaedic Surgeons (AAOS) suggested that visual es-
timation is as good as, or even better than, goniometric measurement [29].
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Figure 1.9: A traditional goniometer used in diagnostic and range of motion
measuring instrument [7].
Rowe et al. [30] who agreed with this statement claimed that visual esti-
mation shined when bony landmarks were difficult to observe or to palpate.
However, none of these authors provided convincing evidence to support for
their statements. More recently, Watkins et al. [31] reported that goniome-
ters were more reliable than visual estimation. This oservation was presented
by Youdas et al. who reported that the accuracy of goniometers based mea-
surement outperformed when using these instrumental equipment than visual
estimation [32,33].
Universal Goniometer and Electrogoniometer
The use of the universal goniometer to measure the range of motion was firstly
reported in French medical literature in 1900s [34]. Although many variant
models of the original goniometer have been proposed and developed over the
years [35–43], recent universal goniometer is slightly different from the instru-
ment described by Clark et al. in 1920 [36].
In Musculoskeletal Injury (MSI) management, goniometer (Figure 1.9) is a
clinical instrument used to measure range of motion (in degrees) of joint angles
for both active and passive joint ranges as the assistive tool is very pertinent
and portable to the clinical purposes of functional operation and workplace
design. By using such goniometer, an ergonomist or orthopaedic therapist
can evaluate the kinematic performance of patients, including measurements
of joint angles during several specific tasks. Moreover, a goniometer can also
measure the retrievable progress in terms of range of motion measurement
during the rehabilitation courses.
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Electrogoniometers, which convert measuring rotation angles of the joint
into the electric signal, introduced in 1950s [44]. Conventional goniometers
have been modified to produce new electrogoniometers as reported in [45–48].
While several designs based assistive instruments are bulky, others are very
compact and portable. Although electrogoniometers are capable of measuring
dynamic movements, these devices are still at high cost and complicated to
deploy without proper training. Thus, electrogoniometers are mainly used in
applications for research purposes.
Photography and Video Recording Equipment
Since 1945, photography has been used to capture range of motion [49, 50]
and remained in widely use nowadays [51, 52]. While photography has been
observed to be more accurate than the conventional methods of goniometry
in measuring the range of motion [52], photography in practical requires more
time-consuming and effort than the standard methods in the normal clinical
scenario. Video recording techniques have also been used to record the joint
range of motion [51, 53–55]. Although many commercial motion analysis sys-
tems are available, the uses of such systems in clinical settings are very rare
due to its expensive cost and sophisticated installation.
Radiographic Equipment
Radiographic measurement is considered as a gold standard of measuring joint
range of motion. Other techniques of measuring joint range of movement in-
cluding goniometer techniques are compared against with radiographic tech-
niques. Radiographic techniques have also been used to examine the amount
and types of motions occurring at various joints [56–62]. However, the rou-
tine use of radiographic techniques for measuring joint range of motion is not
recommended due to high cost and exposure to radiation.
1.4.2 Inertial Measurement Unit (IMU)
In terms of human movement tracking system, there are optical monitoring mo-
tion systems which have been considered to assess human leg, knee, shoulder,
and elbow kinematics non-invasively. Although optical vision systems are the
most common and high accuracy in monitoring orientation of movements [63],
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Figure 1.10: Typical inertial measurement unit (IMU) based wearable sensors
whereas (a) is from Xsens company [8] and (b) is BioKinTM [9].
however they are still costly, relatively complex, and can only be used in lab-
oratory environments [64]. Moreover, they also depend on measurements of
reflected or emitted light [65]. Therefore, all these systems have limited use in
practice.
In order to bring these systems out of laboratory environments, recent at-
tempts have been made to design simple and portable mechanisms for evaluat-
ing joint kinematics by using a low-cost wearable sensor platform. Typically,
these wearable sensors are referred as Inertial Measurement Units (IMUs) which
are self-contained and compact devices.
An IMU normally consisting of a tri-axial accelerometer, a tri-axial gyro-
scope and a tri-axial magnetometer, has significant advantages. These benefits
outperform other mechanisms, due to its convenience, low-cost and affordable
option compared to traditional motion analysis systems in laboratory settings.
The availability of such equipments that could be used in non-clinical settings
to provide continuous monitoring for an extended period of time, can also be a
multi-purpose device and a more cost-effective approach to deliver high quality
post-operative treatments integrated with rehabilitation services [66].
To be more specific, measurement and analysis of upper-limb kinematics
including arm and hand segments have a number of significant applications in
the management of neurological motion disorders to evaluate the ability for
conducting daily activities. Regular movements mostly can be measured by
applying a broad variety of orientation estimation algorithms and wearable
inertial sensors which are attached on specific body segments.
IMU can be used to capture the kinematic orientations of human body limb
segments such as the arm and the hand with a higher degree of reliability by
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Figure 1.11: Typical motion capture means [10].
employing several states of the art sensor fusion techniques [67]. Based on
this significant advantage, the valuable measurements from IMU devices can
therefore be used in pattern recognition of full upper-limb gestures in order to
evaluate the operational performance of different movements in a quantitative
fashion. Moreover, these techniques are suitable for long-term monitoring con-
tinuously when a trial subject performs specific prescribed movement patterns
in the medical clinics or engaged in daily activities based home-settings [64,67]
since they consume relatively low-power [68].
Based on a generic IMU module as the motion capture sensor, the orienta-
tion of a body segment could be examined by integrating the angular velocities
measured by gyroscope readings and the positions are estimated by double in-
tegration of the translational acceleration measured by accelerometer readings.
In [69], a serial-chain IMU sensor module was designed and implemented to
track the orientation of the human arm engaged in certain activities. The in-
ertial sensors were attached arbitrary without any constraints which not only
depicted the simplicity in the use of the IMU module but also the high speed
of updating rate. In order to support such multiple IMU sensor based biomed-
ical applications, a simple approach for frame calibration was also proposed to
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improve the accuracy of orientation estimation [69].
In a series of studies, two inertial measurement units were attached near
the wrist and near the elbow to measure the orientation between the forearm
with respect to the upper-arm under the assumption that the elbow acts as
a constraint that do not allow the abduction/adduction rotations [70]. Al-
though, the assumption minimized the heading drift between two segments,
the average orientation estimation error was about 2o degrees. The study [71]
proposed the development of quaternion-based complementary filter when us-
ing data measured by accelerometers and magnetometers to recompense the
error of orientation estimation occurred by integrating the angular velocity in
the combined system of a triaxial accelerometer, a triaxial gyroscope and a tri-
axial magnetometer. This system created a sensor module known as Magnetic,
Angular Rate and Gravity sensor (MARG). In [72], MARG was attached on the
wrist and elbow joints to estimate the orientation of two segments. Three par-
ticipants repeated the tasks as reaching a target, lifting the arm, and bending
the elbow when the shoulder was at still in three times. The rotation data were
then integrated to set the wrist and elbow, and compensate the sharp amplitude
changes to minimize overshoot during fast motions. The high correlation co-
efficients in terms of orientation estimation between the inertial measurements
and reference optical tracking system were achieved (greater than 0.91).
El-Gohary and McNames [64] pointed out that accelerometers and gyro-
scopes measure the translational acceleration and acceleration due to gravity;
and angular velocities respectively. Although theoretical orientation of a seg-
ment can be obtained by integrating the angular velocities from gyroscopes and
position is measured from double integrating the acceleration from accelerom-
eters, it may lead to considerable accumulation of errors in the measurements
and hence decrease the accuracy of attitude determination. Quaternion-based
complementary filter was also applied with accelerometers and magnetome-
ters to compensate the errors of the orientation occurred by integration pro-
cess [71,73]. While other measurement devices are limited to use in laboratory
only, IMUs have been applied as powerful tools in human motion analysis in
the past twenty years due to the fact that IMUs are portable and easy to assem-
ble as a viable system in daily activity measurements [74]. The development
of micro-electromechanical systems (MEMS) has created IMUs as a low cost
promising option in comparison to laboratory measurements.
MEMS sensors such as accelerometers, magnetometers and gyroscopes have
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the potential to be used for assessing human movement in various environments
[75]. The numerous studies in motion tracking and location estimation systems
can be found in the literature. As a combination or individually, accelerations
and gyroscope readings can be used to estimate the orientation of a limb. Even
though gyroscope readings suffer from gyroscopic drift, it can be mitigated with
the aid of acceleration or magnetometer readings.
The orientation of the IMUs with respect to the body segment is subjected
to a step of calibration which is a must to determine segment kinematics in a
fixed reference frame [76]. Although the use of magnetic and inertial measure-
ment units (MIMU) has been proposed in numerous studies, Farve et al. [77]
realized that the most disadvantage of MIMUs is very sensitive to magnetic
field deformation and can only be applied in certain restricted environments.
Unlike MIMU, IMU has been widely used in relatively diverse environments.
However, it is noticeable that the orientation of each IMU is determined with
respect to a specific coordinate frame as IMU does not have sensing sensitivity
to the heading. In fact, there is a lack of a common reference frame which
prevents the monitoring of human joints [77]. The research also developed a
new calibration to assess knee joint angle by the combination of the inertial
sensor-based wearable devices and the proposed decision to a stationary refer-
ence coordinate frame. The results show that the proposed method is promising
for monitoring the orientation of various joint kinematics such as knee, ankle
and hand during several activities, even outside laboratory.
1.5 Significant Contributions
In order to develop objective automated assessment of human kinematic per-
formance for physical-neurological rehabilitations, the primary contributions of
this thesis are presented as follows.
Firstly, a novel approach to characterize the differences in terms of wrist
joint’s kinematic performance between two cohorts as normal and patient sub-
jects without calculating the range of motion during DTM was developed.
Kinematic features based wrist movements from healthy and patient subjects
were extracted using the similarity as well as dissimilarity by using classical
dynamic time warping algorithm based on the kinematic trajectory features
described in the form of quaternions [78], [79], [80], [81], [82].
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Further, the applicability of Wahba’s problem and its solutions in the con-
text of orientation estimation for human arm kinematics when performing daily
basic motions such as lifting a water bottle was investigated. Moreover, it is
crucial to evaluate the potential of these deterministic attitude estimators in
order to apply in a quantitative evaluation of human motion capture system,
particularly arm kinematics. To enhance the accuracy of orientation estima-
tion, well-known data fusion algorithms such as Kalman filter is applied in
movement orientation estimation using IMUs [83].
Lastly, the use of inertial sensors was investigated for objective assessments
of human balance disturbances due to Cerebellar Ataxia disorder when per-
forming gait and postural balance control. Acceleration measurements are
considered to be objective markers for the quantitative assessment of human
postural stability control. A comprehensive evaluation and analysis with ap-
propriate signal processing techniques have been developed to mitigate these
issues. Entropy measures captured the disability features effectively leading
to a significant discrimination between control subjects and patients. Various
types of entropy algorithms were examined to identify the most appropriate
approach which is able to expose the underlying variations relevant to clinical
assessments [84].
Indeed, these significant contributions will enable the development of bet-
ter approaches for injury prevention, improve ergonomics and implement better
prediction algorithms via computer models of the human body kinematic per-
formance. In summary, the results demonstrate a strong argument for wider
usages of inertial measurements for the quantitative assessment of movement
disabilities due to work-related injuries and neurological disorders, possibly in
non-clinical settings. Though clinical scales can represent general trends, the
proposed methods may prove instrumental in gaining clearer insight into the
human kinematic performance during ADLs, enhance the uptake and promote
the use of wearable sensors in longer-term monitoring scenarios facilitated by
low-cost measurement systems in non-clinical environments such as home-based
healthcare settings under appropriate rehabilitation programs.
1.6 Thesis Outline
This dissertation is structured as follows.
In chapter 2, Wahba’s problem and its solutions to alleviate the drift issues
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of angular rates owing to the uses of inertial and magnetic sensors are pre-
sented. Four typical algorithms for solving Wahba’s problem include TRIAD
Method, Davenport’s q-method, Singular Value Decomposition method and
Quaternion Estimator (QUEST) method for tracking human arm kinematics
are applied in different scenarios to ascertain the most robust solution with
introduced signal noise. Also, the “Gold Standard” VICON optical motion
capture system is employed to verify the feasibility of human arm orientation
estimation. The QUEST algorithm outperformed than other algorithms for
both simple exercises such as arm abduction-adduction, flexion-extension and
complicated exercises such as lifting a water bottle. However, the QUEST
method can be improved for estimating more complicated physical tasks by
integrating with powerful filtering mechanism as Kalman filter to enhance the
accuracy of human motion orientation estimation.
Chapter 3 introduces a novel application of inertial measurement system
based wearable sensors to measure the wrist joint kinematics in a dynamic set-
ting. A series of clinical trial implementing dart-throw movement (DTM) have
been carried out using the inertial sensors to validate the proposed scheme.
A feasible method using quaternion representation for DTM trajectories as-
sociated with the similarity and dissimilarity matching based dynamic time
wrapping (DTW) algorithm is developed. The hierarchical analysis cluster-
ing confirms a high capacity to provide effective discriminations between two
different cohorts considered as normal and injured wrists.
Chapter 4 presents the employment of two widely used truncal ataxia exam-
inations named as Romberg and Trunk tests in order to determine and assess
the postural instability in patients diagnosed by cerebellar ataxia compared
with normal subjects. Fuzzy entropy measure of the postural sway velocity de-
duced from the measured truncal accelerations is applied and exhibited consid-
erable differences in postural stability control between the two cohorts. Thus,
the entropy descriptions of kinematic features such as velocity is regarded as
an appropriate and superior technique in comparison to the traditional RMS
based approach. The Romberg test was demonstrated to be more capable in
terms of diagnosis as well as high correlation with the clinical assessment under
the proposed objective measurement criteria. The Trunk test is observed to be
insignificant and redundant in this context.
Chapter 5 proposes an objective quantitative assessment using wearable
sensor technology to identify the kinematic characteristics which best capture
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the gait abnormalities manifested in CA. Each subject was attached with three
inertial sensors were attached on the trunk and both lower limbs of each sub-
ject. Inertial measurements were analysed at three different speeds including
self-selected slow, preferred and fast walking speeds. Key features of truncal
and lower limb movements include velocity irregularity and resonant frequency
characteristics. In terms of statistical significance, the principal component
analysis was undertaken so as to achieve the underlying features with a higher
variance in discriminating the patients from the normal subjects. Subsequently,
the differential features for both trunk and lower limb movements were com-
bined to yield an even greater classification between the two cohorts, as well
as better correlation with the expert clinical assessments.
Chapter 6 concludes the thesis by reviewing the main contributions lead-
ing possible future work in physical-neurological rehabilitation areas from the
perspective of a biomedical engineer.
Chapter 2
Application of Solutions to
Wahba’s problem in Capturing
Human Arm Kinematics
2.1 Introduction
Long-term and off-site human motion monitoring systems are emerging with
respect to the rapid expenditures engaged with rehabilitation services due to
numerous movement impairments in terms of physical and neurological disor-
ders. Inertial/magnetic sensor modules are considered as a potential platform
to overcome the limitation in quantitatively objective assessments. In [69], a
serial-chain IMU sensor module was designed and implemented to monitor the
orientation of human arm kinematics engaged in certain activities. The iner-
tial sensors were attached arbitrary without any constraints which not only
depicted the simplicity in the use of IMU module but also enhanced the speed
of updating data rate. In real-time orientation estimation, numerous attention
and efforts have been drawn into minimizing drift problem of angular rates, yet
the other of kinematic measurements (earth’s magnetic field and gravitational
orientation) are only themselves capable enough to capture the orientation of
human movements by applying the theory of Wahba’s problem. Further, these
solutions commonly provide a closed-form approach which is appropriate for
real-time motion capturing systems. This chapter examines the feasibility of
several typical solutions of Wahba’s problem which are TRIAD method, Daven-
port’s q-method, Singular Value Decomposition method and QUEST algorithm
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upon current inertial/magnetic sensor measurements for tracking human arm
movements. In addition, the performance of each approach is assessed through
practical experiments with both simulated and actual accelerometer and mag-
netometer readings based inertial measurements.
2.2 Inertial sensing orientation estimation based
Wahba’s problem
In literature review, a number of algorithms for estimating the orientation of
human body kinematics based on inertial measurement vectors in real time
data acquisition were initiated by minimising the loss function proposed by
Wahba in 1965 [85]. This theoretical concept was applied widely in the fields
of satellite attitute determination, space-crafts and star’s position navigation.
In Wahba’s problem, the orthogonal rotation matrix for the corresponding
rotation between two coordinate systems is estimated using a set of weighted
observation vectors [86], [85]. The unit vectors measured in local body co-
ordinate frame are denoted as bi and the corresponding vectors in reference
coordinate frame are noted as ri. In addition, A and ai represent for the
rotation matrix between two coordinate frames and the non-negative weight






ai|bi − Ari|2. (2.1)
A simple form of loss function with regard to Equation 2.1 can be derived
alternatively as follows [85]:
L(A) ≡ λ0 − tr(ABT ). (2.2)
when L(A) is minimised, then tr(ABT ) will be maximised.
The orientation estimation of a dynamic self-framed object, based on its ob-
servation vectors and corresponding global frame’s observations, was initiated
with minimising the loss function proposed by Grace Wahba in 1965 [87], [85].
Later, this problem was generally designated as Wahba’s problem in the field of
applied mathematics [88]. Thereupon, the solutions for this problem have been
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Figure 2.1: Description of Wahba’s problem.
proposed and applied in various applications including aerospace, ship naviga-
tion, biomedical advancements and multiple-cameras calibration in computer
vision [89]. Considering the theoretical insights of Wahba’s problem, it should
be taken into account carefully three following primary factors to be satisfied
prior to appling the solutions of Wahba’s problem as follows:
1. There should be a dynamic object associated with its own local coordinate
frame, and moves in a global coordinate frame.
2. The orientation of the object with respect to the global coordinate frame
is determined using the observation vectors which are existing in both
coordinate frames.
3. There also should be static observation vectors which are commonly avail-
able to both local and global coordinate frames.
The fundamental theory of Wahba’s problem is applied widely as a fact
of estimating the orientation of an object or a local coordinate frame system
with respect to another reference object or reference coordinate frame system
as shown in Figure 2.1.
When considering the applicability of Wahba’s problem for tracking human
arm movements, there are available several similarities which meet the require-
ments of the above three conditions. First of all, the inertial/magnetic sensors
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attached on human arm have different coordinate frames with respect to the
global coordinate frame. Moreover, the inertial sensors itself-integrated with
magnetometers are able to measure static vectors, i.e. earth gravity vector
and magnetic field which are common in the earth’s coordinate frame. Hence,
Wahba’s solutions can be applied appropriately in the orientation estimation
of human movements [90].
2.2.1 Applicabilities of Wahba’s problem based orienta-
tion estimation for human motion capture using
inertial sensors
Considering the applicability of Wahba’s problem for capturing human move-
ments, several common similarities with the main features of Wahba’s problem
can be observed as follows:
- The inertial sensor and the earth have two different coordinate frames.
- The earth’s magnetic field measurements are considered as static mea-
surements, consequently they are common to both coordinate frames.
- When an object moves with a relative constant velocity, the resultant
acceleration based inertial measurement is gravity, and hence this observation
vector is common to both frames.
According to the literature review, the solutions to Wahba’s problem are
applicable for tracking human movements [97]. One of the major advantages
when applying these techniques is that the need of gyroscope readings can be
avoided. Even though gyroscope measurements reflect the angular rate very
accurate in the local coordinate frame, the integration process for deducing
rotation angles can cause considerably inaccuracies due to drift problem [39].
Further, the solutions of Wahba’s problem have closed-form estimations which
contribute effectively in computations [97, 98]. In addition, Wahba’s problem
needs only two measurements to estimate the orthogonal rotation matrix which
provides equivalent result in comparison to the complementary filter based
approach.
A number of approaches have been developed in last decades to solve the
Wahba’s problem. These algorithms employ information from the diagonal
matrix B to determine the optimal rotation matrix or quaternion between
body centered local coordinate frame and global reference coordinate frame.
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2.2.2 Solutions of Wahba’s problem
TRIAD Algorithm
TRIAD method is one of the earliest and simplest method to determine the
attitude of space-crafts and navy-ships [91, 92]. This method can also be used
to find orthogonal cosine matrix between reference coordinate frame and body
coordinate frame of an object as below:
R1 ×R2 = A(r1 × r2), (2.3)
where R1 and R2 are linearly independent vectors, with r1 and r2 are corre-
sponding reference unit vectors respectively
TRIAD proposed an estimate of the direction cosine matrix A as a solution
to the linear system equations given by following:[




r1, r2, (r1 × r2)
]
. (2.4)
This method performs well in noise-free condition, since the noise was removed



























Singular Value Decomposition (SVD) Method
SVD is used to decompose a real or complex matrix. This method has not been
widely used in practice due to high computational cost, but it yields valuable
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analytic insights [85,93]. As in Equation 2.2, there is a requirement to maximise
the element tr(ABT ). The diagonal matrix B can be considered as singular
value decomposition [94].
B = UΣV T , (2.10)
Since U and V are orthonormal vectors and unitary matrix, the equation can
be implemented as follows:




where U and V are orthogonal, the singular values obey the inequalities as
Σ11 ≥ Σ22 ≥ Σ33 ≥ 0.
By applying B to tr(ABT ) as below:
tr(ABT ) = tr(UTAV diag[Σ11Σ22Σ33]). (2.13)
Since tr(ABT ) is maximised and consistent with the constraint det A = 1, and
hence the optimal attitude matrix can be written as follows:
Aopt = Udiag[11(detU)(detV )]V
T . (2.14)
Davenport’s q-method
Typically, Davenport’s q-method proposes the optimal quaternion can be ob-
tained from the normalized eigenvector of the matrix K with the correspond-
ing largest eigenvalue. In fact, K is the symmetric traceless matrix which is
obtained from the diagonal matrix B. This method is mainly based on the
quaternion domain. Mathematically, the rotation matrix can be written as a












A(q) = (q24 − |q|2)I + 2qqT − 2q4[q×], (2.16)
Since A(q) is a homogeneous quadratic function of q, thus it can be written as
below:
tr(ABT ) = qTKq, (2.17)
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and K is the symmetric traceless matrix:
K ≡
[










aibi × ri. (2.19)
As proved earlier, the optimal attitude can be found when tr(ABT ) is max-
imised. Hence, qTKq should be maximised where the unit constraint |q| = 1.
So, the solution can be derived as follows:
Kqopt = λmaxqopt, (2.20)
Then, it can be written further as:
L(Aopt) = λ0 − λmax. (2.21)
where eigenvalues of K matrix, λ1 ,λ2, λ3, λ4 are singular values respectively.
λ1 = s1+s2+s3, λ2 = s1−s2−s3, λ3 = −s1+s2−s3, λ4 = −s1−s2+s3.
(2.22)
Since K is traceless, the sum of eigenvalues becomes zero and there is not a
unique solution if two largest eigenvalues are zero or s2 + s3 = 0. It means the
data is sufficient to determine the attitudes [85].
Both Single Value Decomposition method and Davenport’s q-method are
significantly slower even though they are robust [85].
Quaternion Estimator (QUEST) Method
First applied in the MAGSAT Mission [85, 96] in 1979, Quaternion Estimator
algorithm has proved that minimum two observation vectors are enough to es-
timate the orientation of a rigid body attached to fixed coordination system. It
has been considered less robust than Davenport’s q-method due to its multiple
numerical iterations to find eigenvalues. However, QUEST method has created
a pervasive application for solving Wahba’s problem.
Under Davenport’s q-method, the identified Equation 2.20 can be analysed
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into two following equations as follows:
[(λmax + trB)I − S]q = q4z, (2.23)
and
(λmax − trB)q4 = qTz. (2.24)










x ≡ adj[(λmax + trB)I − S]−1z = [αI + (λmax − trB)S + S2]z, (2.26)
γ ≡ det[(λmax + trB)I − S] = α(λmax+trB)− detS, (2.27)
α ≡ λ2max − (trB)2 + tr(adjS). (2.28)
Appying Cayley-Hamilton Theorem [94] in Equation 2.24, based on the equa-
tion of x and the equation of γ, the following equation can be derived as follows:
0 ≡ ψ(λmax) ≡ γ(λmax − trB)− zT [αI + (λmax − trB)S + S2]z. (2.29)
It can be proved that the following simple equation can be written after apply-
ing twice of the Cayley-Hamilton algorithm [85].
γ2 + |x|2 = γ(dψ/dλ). (2.30)
Through the Equation 2.25, Shuster devised the method of sequential rotations
to avoid the singular case [85], [97].
In QUEST algorithm, singularity problem can be solved with the attitude
respect to reference coordinate frame by rotating 180◦ around three orthogonal
axes considering as X, Y and Z.
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for i = 1, 2, 3,... and ei is the unit vector along i
th coordinate system. By using
this equation, it is convenient to find coordinates from a reference coordinate
frame through the inverse transformation equation.
Fast Optimal Attitude Matrix (FOAM) Method
This is a method that simplify and less subject to error method using singular
value decomposition of B matrix [85].
0 = ψ(λmax) ≡ (λ2max − ‖B‖2F )2 − 8λmaxdetB − 4‖adjB‖2F . (2.32)
This equation is numerically identical with infinite-precision computations to
Equation 2.30 in QUEST method.
The error covariance of the FOAM algorithm is derived as follows:
P = (Kλmax − detB)−1(KI +BBT ). (2.33)
Estimator of the Optimal Quaternion (ESOQ) Method
This method avoids a prior quaternion as stated in QUEST method and it
computes all diagonal elements, hence it is computationally expensive. In this
approach, the rotation matrix is not performed as it considers a prior quater-
nion with maximum magnitude. There are two stages performed in ESOQ
algorithm. These methods are primarily based on Davenport’s eigenvalue equa-
tion.
1. First Estimator of the Optimal Quaternion (ESOQ1)
In this method, the optimal quaternion is given by following equations:
(qopt)k = −c[detF (δλ)tr(adjF ], (2.34)
and
(qopt)1,...,k−1,k+1,...,4 = c(g + hδλ). (2.35)
2. Second Estimator of the Optimal Quaternion (ESOQ2)
This algorithm uses the rotation axis-angle form of the optimal quater-
nion [85]. This method is based on unit quaternion in Davenport’s q-
method and two equations in QUEST algorithm (Equation 2.24 and
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Table 2.1: Characteristics of the solutions to Wahba’s problem.
2.25) which are equivalent to Davenport’s eigenvalue method. Under










Table 2.1 shows that the most robust estimators minimizing Wahba’s loss
function are Davenport’s q-method and Singular Value Decomposition (SVD)
method, which incorporate well-tested and mathematically rigorous matrix
based algorithms. Davenport’s q-method, which calculates the optimal quater-
nion from the eigenvector of a symmetric 4x4 matrix with the largest eigenvalue,
is relatively computational efficient. Although producing outputs in terms of at-
titude matrix with possible singularity condition as well as high computational
expense, SVD method still yields valuable analytic insights. The fastest algo-
rithm is QUEST method, however, in principle, less robust than Davenport’s
q-method since this method solve the polynomial equation for the maximum
eigenvalue based on Newton-Raphson iteration and this computation can result
in large errors. Therefore, the procedure of QUEST algorithm is potentially
unreliable regarding extensive numeration.
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Figure 2.2: A typical example of application of solutions to Wahba’s problem
for orientation estimation between two IMU sensors ‘A’ and ‘B’. Whereas top-
left figure indicates two sensors are in a similar orientation and bottom-right
figure shows a different orientation between sensor ‘A’ with respect to sensor
‘B’ with an angular orientation is 90 degrees. And right figure represents the
results of orientation estimation using solutions to Wahba’s problem based
inertial measurements as observation vectors.
2.3 A typical example of orientation estima-
tion by applying Wahba’s problem
The fundamental concept of Wahba’s problem is applied widely as a fact of
estimating the orientation of an object integrated with local coordinate frame
with respect to another reference object or reference coordinate frame.
This particular experiment used a couple of IMU sensors named as “A”
and “B” in two different conditions, the first one was to place two sensors at a
similar orientation (as shown in Figure 2.2). After that, sensor “B” was placed
differently with sensor “A” with an angle of 90◦. The orientation of sensor “B”
with respect to sensor “A” will be estimated by applying Wahba’s solutions.
In the first scenario, the result shows that the values of angles between
two different sensors are approximately 0◦ as expected. In the other case, the
orientation of sensor “B” with respect to sensor “A” are almost 90◦ according
to the experimental demonstration (Figure 2.2).
The significant advantage of employing these techniques is that the need of
gyroscope readings can be avoided. Indeed, the gyroscope readings are very ac-
curate measurements in local coordinate frame, though the integration process
of gyroscope measurements to determine the orientations in earth’s coordinate
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Figure 2.3: Flow-chart diagram of orientation estimation based approaches us-
ing solutions to Wahba’s problem upon inertial/magnetic sensor measurements.
frame leads to deficiencies in terms of accuracy for orientation estimation due
to drift problem [98]. Further, the solutions of Wahba’s problem are also con-
sidered as alternative approaches producing closed-form estimations which are
efficient for attitude determination [90], [95]. The purpose of this chapter is
to provide an overview of the most popular and most promising algorithms
for solving Wahba’s problem. In addition, the feasibility of monitoring the
human arm movements using these approaches will be investigated through
different practical experiments. In this study, four typical algorithms such as
TRIAD method, Daveport’s q-method, Singular Value Decomposition method
and QUaternion ESTimator (QUEST) method as shown in Figure 2.3, will be
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Figure 2.4: Simulation and experimental setup with the installation of two
motion capture systems as IMU sensors (red) and VICON system (yellow)
including high-resolution video cameras and optical markers while conducting
Arm Abduction/Adduction movements.
evaluated through simulated and real-time data analysis based arm movements.
2.4 Computer Simulations
The human arm kinematics were simulated in two scenarios. The first trial
(called as exercise 1 ) aimed to imitate upper-limb movements which involved
a combination of the whole arm, shoulder and wrist joints. Ten healthy sub-
jects (eight males and two females) were firstly asked to conduct the exercise
of abduction and adduction motions. Two inertial sensors were worn on the
upper-elbow and near the wrist positions. Then, the second scenario (exer-
cise 2 ) aimed to simulate the arm bending movement from elbow joint, which
represented for a typical day-to-day activity: lifting a water bottle. When
demonstrating this particular trial, the elbow was lifted with an angle of 45◦
in Y -Z plane and the wrist was moved by approximately 153◦ in the same
plane. Figures 2.4 and 2.5 describe the practical sscenarios for each exercise.
Initially, these scenarios were simulated with the assumption of noise-free in the
accelerometer and magnetometer measurements. Then, the existence of noise
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Figure 2.5: Simulation and experimental setup: Lifting a water bottle exercise.
was taken into consideration into each inertial measurement with a deteriora-
tion of Signal-to-Noise Ratio (SNR) from 60 dB to 5 dB. The accelerometer
measurements were modelled with āt, a, Ct, Mt and WAt which are the mea-
sured accelerometer readings, actual rotation of the arm, a constant offset or
bias, a moving bias and noise at time t respectively [99].
āt = a+ Ct +Mt +WAt, (2.37)
Similarly, the magnetometer readings were derived same as in Equation 2.38
h̄t = h+ Ct +Mt +Wht. (2.38)
where h̄t, h,Ct, Mt and Wht are the measured magnetometer readings, actual
arm rotation, a constant offset, a moving bias and a wide band of noise at
time t respectively [99]. Here, WAt and Wht are normally distributed. The
procedure of data analysis will generate and compare the orientation estimated
from each algorithm between two conditions: with noise and without noise. In
fact, the levels of noise are considered as starting from 60 dB and decreasing
by 5 dB at each processing time until reducing gradually to the minimum value
of 5 dB.
The rotation angles calculated from those solutions were identical in the case
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Figure 2.6: Simulation Results : (a), (b) and (c) - The root mean square error
of rotation angles in X, Y and Z directions for shoulder movements, (d), (e)
and (f) - The root mean square error of rotation angles in respectively X, Y
and Z directions for lifting a water bottle exercise.
of excluding noise. However, when the noise was added to the inertial measure-
ments of accelerometer and magnetometer, then the results based orientation
estimation along each orthogonal axis were significantly different. According to
Figure 2.6, the root mean square error (RMSE) values were initially very low
in both exercises. Noticeably, when the SNR was decreased from 50 dB to 20
dB, the RMSE was increased approximately three times higher than the rate of
RMSE changed from 60 dB to 50 dB. A correlative observation was presented in
sub-figures (d), (e) and (f) for the second exercise. Moreover, considering sub-
figures (a) and (b) for exercise 1 and (d) and (f) for this task, the QUEST algo-
rithm outperformed rather than other approaches through the least of RMSE
values in all noise levels. The second least of RMSE values could be observed in
SVD and Davenport’s q-method. Further, both of these approaches similarly
performed since the trajectories of each algorithm overlapped together as de-
picted in every figure. In another aspect, the performance of TRIAD method
was generally considered as not good as other methods. In sub-figures (e) and
(f), while the RMSE values of QUEST and SVD/Davenport’s q-methods ex-
hibited better performance than those of TRIAD method when the SNR level
is greater than 15 dB. Also, the RMSE values of TRIAD method are smaller
than the others even when the SNR is less than 15 dB. As a matter of fact,
this is a considerable insight of this particular case.
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Figure 2.7: Experimental results: (a) - The rotational angles for Abduction
exercise, (b) - Root Mean Square Error in rotational angles for Abduction
exercise, (c) - The rotational angles for lifting a water bottle exercise and (d) -
Root Mean Square Error in rotational angles for lifting a water bottle motion.
2.5 Results and Discussion
The experiments were performed in real-time data acquisition, in order to eval-
uate and figure out the most appropriate approach for estimating arm kinemat-
ics using inertial sensors. Ten healthy subjects (eight males and two females)
without any medical history of orthopaedic or physical impairments were re-
cruited in the trial. Indeed, each experimental motion was implemented under
a relatively constant speed in order to normalize between simulated settings
and actual gestures.
The abduction-adduction and flexion-extension exercises were conducted by
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Figure 2.8: Experimental results whereas (top) and (bottom) represent for the
root mean square error and the average and standard error bars of rotation
angles derived from four orientation estimation algorithms when performing
Extension/Flexion (left) and Abduction/Adduction (right) movements during
the first exercise.
attaching two inertial sensors (Biokin WMS [100]) on the left wrist and upper-
elbow positions. The second experimental task was demonstrated as lifting a
water bottle from the front of the body to the mouth. The motion was also
simultaneously recorded using the VICON based optical motion capture system
(VICON T40S system) equipped with eight surrounding cameras and sampling
frequency rate at 250 Hz. The orientations of the wrist were derived from
VICON system which were considered as a ground truth in this study. During
the process of data analysis, signal based VICON system were re-sampled at
140 Hz for normalizing the comparative purposes. The root mean square errors
of rotation motion estimation in two exercises were computed and analysed for
further observations. According to Figure 2.8 for abduction-adduction exercise
and Figure 2.9 for lifting a water bottle task, the QUEST algorithm had the
least error value compared to other methods. Further, the average RMSE
values for all subjects in exercise 1: abduction-adduction and flexion-extension
were 0.0651 radians and 0.0608 radians respectively. In addition, the average
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Figure 2.9: Experimental results of the second exercise whereas (left) shows
the root mean square error and (right) depicts the average and standard error
bars of rotation angles derived from four orientation estimation algorithms.
RMSE for second task was 0.0987 radians when using QUEST algorithm. The
Davenport’s q-method and SVD method performed similarly in both exercises
since they commonly achieved a second least error, after QUEST algorithm.
The highest error could be observed in TRIAD method in two trials as shown
in Figure 2.8. Importantly, these findings were also in agreement with the
observations based on computer simulation in previous section.
In another aspect, according to Figure 2.9 for lifting a water bottle exer-
cise, a similar trend in terms of the accuracy of each orientation estimation
method could be exhibited obviously as similar as the first exercise. However,
the basic motions in exercise 1 just rotated around only one joint which was
shoulder joint. On the other hand, the second exercise is considered as more
relatively complex movements, because the arm rotated around two joints such
as shoulder and elbow joints. Further, when the lower arm lifted up from the
elbow, this activity would not be longer a planar movement like abduction-
adduction or flexion-extension motions, because the lower limb was slightly
twisting towards the body. In general, the QUEST algorithm had dominant
performance rather than other methods even in a more sophisticated scenario
as exercise 2 as results depicted in Table 2.2. That demonstrated a higher ro-
bustness for capturing more complex day-to-day exercises by applying QUEST
method. Moreover, the QUEST method was well-performed in real-time data
acquisition which is very similar to previous observation in simulation settings.
In practice, the external acceleration factor such as linear-force from arm mus-
cles, would be observed when conducting more complicated gestures such as
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Table 2.2: Root Mean Square Error for Lifting a Water Bottle Exercise.
Participants TRIAD Davenport’s q-method SVD QUEST
Subject 1 0.1593 0.1178 0.1178 0.0681
Subject 2 0.1441 0.0817 0.0817 0.0745
Subject 3 0.3408 0.2067 0.2067 0.2085
Subject 4 0.0611 0.2174 0.2174 0.0438
Total 0.1763 0.1559 0.1559 0.0987
exercise 2. The second least RMSE values was observed in both Davenport’s
q-method and SVD algorithm which was approximate 0.1559 radians while the
highest error was considered in TRIAD algorithm. Last but not least, a slight
reduction in terms of orientation estimation accuracy was evident when com-
pared between two tasks whereas the results of the second task were less precise
than those in the first task. In fact, the impact of external linear accelerations
may also affect to the orientation estimation methods. Overall, QUEST al-
gorithm demonstrated better performance in real-time data acquisition which
was similar to previous observation when conducting the trial simulation.
2.6 Conclusion
In this chapter, the applicability of four typical solutions for Wahba’s problem
such as TRIAD method, Davenport’s q-method, Singular Value Decomposition
method and QUaternion ESTimator method for capturing human arm kine-
matics has been investigated. These algorithms were simulated in two scenarios
and figured out the most robust algorithm for this particular cases including
noise signal. By correlating with the “Gold Standard” as VICON optical mo-
tion capture system, the feasibility of these orientation estimations based ap-
proaches was validated. Based on low RMSE values, QUEST algorithm could
be considered as a potential solution for capturing both simple and intricate
gestures which manifest the functional performance of human arm movements
during day-to-day activities. However, QUEST method can be improved for
capturing more intricate movements and hence enhance the accuracy of orien-
tation estimation by integrating with a powerful filtering mechanism such as
Kalman filter, which will be a future work of this study.
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The wrist is one of the most complex joints in the human body as it performs
intricate movements involving a number of carpal bones and soft tissues [22].
Complex structural arrangements involving soft tissue networks for functional
stability and flexibility coupled with heavy loading requirements make the hu-
man wrist susceptible to joint injuries [101]. As a consequence, the wrist is
one of the most frequently damaged joints particularly in the human body due
to the multi-directional forces experienced by the wrist joint during daily or
professional activities. Moreover, wrist and hand injuries are the most com-
mon types of injuries in the Australian workforce since they account for 38%
of work-related hospitalisations, with approximately 8400 hospital admissions
per year [102]. Wrist injuries also extend to other populations, particularly
those who engage in high performance activities, such as sports. Indeed, wrist
and hand injuries also account for 20% of Australian sports injury hospitali-
sations [103]. A closer investigation into subtle kinematic behaviours involved
in wrist movements are likely to facilitate traditional measures to quantify the
functionality of the wrist joint that resembles the ability to perform usual mo-
tions during daily routine. As a result, these findings are potential to have
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direct significance not only in treatment of degenerative conditions such as os-
teoarthritis but also in rehabilitation progress, post-surgical assessment [104]
and the design of ergonomic aid tools for enhanced safety and injury prevention.
In clinical orthopaedic department, range of motion (ROM) of the wrist
joint is typically considered in assessing kinematic flexibility and consistency
of the wrist joint. Unfortunately, current techniques of measuring the function-
ality of this exceptional joint are limited as most of them are aimed at deter-
mining only the ROM in the anatomical planes consisting of flexion-extension
(FE) and radial-ulnar deviation (RUD) movements. However, the wrist kine-
matics on a daily basis involve a combination of these couple movements [105].
Recent studies have proved that there is only one coupled motion where the
wrist travels along an arc path from radial-extension to ulnar-flexion planes.
Most occupational daily activities which occur in the oblique plane at the
wrist joint, such as combing hair, hammering and fly-fishing, can be encapsu-
lated in a specific terminology called as dart-thrower’s motion (DTM) in order
to designate this conjoined wrist motion [106]. Numerous authors suggested
that DTM captures the most commonly functional patterns of natural wrist
movements [107] since it is unique to humans and contributed to evolutionary
advantages in homo sapiens [108]. Considering the anthropological significance
of this motion and the complexity of the wrist joint, there have been numerous
comprehensive studies discussing the unknown kinematics behind this specific
movement.
For tracking rapid movements such as DTM, optical multiple-cameras based
conventional motion capturing systems have been widely conducted to assess
human kinematics non-invasively. Although optical marker systems are the
most common reference standard capturing the orientation of human move-
ments accurately [109], they are still pricey, sophisticated and can only be
used in laboratory environments [110]. Therefore, the use of these systems
is limited in practice. To alleviate such strains on health care systems and
facilitate monitoring of patients during daily activities, researchers have ex-
plored the use of wearable devices to unobtrusively acquire health information
as Inertial Measurement Unit (IMU) [110]. With regard to musculoskeletal,
biomechanical-related disorders and injuries, these inertial systems provide an
alternative mechanism to collect quantitative data more effectively.
In this chapter, the main contribution is to propose a methodology for
characterization of wrist joint movements employing only the angular rates
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measured from gyroscope readings of inertial sensors placed on two different
positions which are on the palm and in the middle of the forearm. In charac-
terizing performance, a series of clinical trials in such dynamic settings based
DTM, hand and wrist rotational ascendancies are the primary measurements.
These movements are well-captured in a dynamically changing orientation in
the form of instantaneous rate of displacement of the wrist. This is represented
by a quaternion metric, a four-dimensional vector with one real and three com-
plex elements. Quaternions [79], [111] are applied in a wide range of orientation
estimation based application scenarios involving rotational dynamics and gen-
erally preferred over Euler angles or rotation matrix based approaches to avoid
the so-called singularity phenomenon as Gimbal Lock [112].
In light of the above, the significant contributions of this study are high-
lighted as follows:
1) Gyroscopic measurements in two distinct and strategic locations of the
hand allow capturing the radiocarpal joint movements unlike the applications
considered in [111] and [113] where a single sensor was used to capture the
hand’s gestures. This allows monitoring the relative motions underpinning the
radiocarpal joint movements vital for daily activities. The patient cohort has
been undergoing a number of post-surgical wrist rehabilitation progresses and
the sensing mechanism is directly aimed at capturing the movements relevant
to the operated joints.
2) This work investigates an activity (DTM) more closely linked to the
ability to perform daily activities. The functionality of the wrist joint in a
dynamic setting is captured instead of relying on the traditional range of motion
measurements widely used with analogue goniometers.
3) The proposed measurement scheme not only distinguishes the patient
cohort from the normal subjects, but also produces a range of severity scores
strongly correlating with the specialist’s assessments.
3.2 Related Work
Bio-kinematic characterization linking the daily activities of DTM still requires
further profound investigations [22]. Recently, rapid development of three-
dimensional motion analysis technologies allowed researchers to immerse in
deeper investigations of oblique movements of the wrist joint and consequently
discover novel information in terms of this specific motion. Various kinematic
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studies of the relative motions at the wrist joint during the DTM have been
conducted using a wide range of three-dimensional analysis techniques such as
marker-less bone registration [114], Computed Tomographic (CT) [115], and
Magnetic Resonance Imaging (MRI) [116]. Unfortunately, these approaches
are still limited due to image acquisition speeds, occlusions and the effects of
exposure to radiation [106].
Alternatively, IMU based wearable sensors could be used in non-clinical set-
tings. They can provide continuous monitoring over a long duration, and hence
subjects or patients would be able to perform prescribed movement patterns not
only in medical clinics but also in home-based environments [117]. Indeed, this
is an assistive technology for delivering effectively high quality post-surgical re-
habilitation services [118]. It can potentially address the lacuna that currently
exists, addressing affordability such as ease of use requiring for numerous health
care system based applications and alleviating the need for high cost infrastruc-
tures. In a series of studies, Patrick et al. [119] employed two IMU sensors to
quantify the ROMs of the wrist joint and investigated the functional kinematic
coupling of FE and RUD movements during three operational tasks: dynamic
hammering, slow/static hammering and dart throwing. Subsequently, benefi-
cial advances in wearable inertial sensor technology enabled the measurement
of wrist kinematics in examining the relative minor differences that can deter-
mine a dart player’s technical proficiency by monitoring the over-arm throwing
movements [120].
3.3 Comparison of 3D Vision based Leap Mo-
tion Capture Device and Inertial Sensors
In Real-Time Measurement of Wrist Joint
Recently, a renewed attention has been drawn into the dart-thrower’s motion.
Computed tomography (CT) scan techniques have been used in a number of
these research activities. Due to limitations in the speed of the image acquisi-
tion, the positions of the wrist were recorded in static postures. To the best of
knowledge, a data acquisition for DTM with real-time capturing has not been
reported. This section presents the use of a 3D vision-based motion capture
device, Leap Motion Controller (LMC), for measuring the wrist joint angles
during DTM in a real-time data analysis. The practical capability of the LMC
Chapter 3. Real-Time Capture of Wrist Kinematics During Dart
Thrower’s Movement 45
Figure 3.1: Illustrations of typical IMU sensor and LMC device.
in measuring dart-thrower’s motion was examined in an experiment involving
four healthy subjects and the rotation angles were compared to those ones ac-
quired from two inertial measurement units (IMU). The results confirmed the
inertial sensors can successfully be used in the application of measuring wrist
kinematics when performing DTM.
Nowadays, motion capture systems using optical sensors have become more
popular. Devices such as Microsoft Kinect c©, Leap Motion Controller c© (LMC)
can capture hand movements accurately (as shown in the Figure 3.1). Re-
cent studies employed the Kinect c© camera to build a 3D skeletal hand motion
tracking system [121–123] for medical uses. However, the Kinect c© camera was
initially aimed at full body movement tracking and operated over relatively
longer distances (usually within 2-3 meters). On the other hand, LMC is opti-
mized for short range hand gestures interaction (between 20 cm - 60 cm).
In the first stage of this chapter, a simple quaternion based orientation
estimation approach which only uses the angular rates measured from gyro-
scopes was presented. Through experiment, the operational performance of
LMC module based motion capture system was examined by validating the
statistical models using synthetic data. Further, the functionality of inertial
tracking module was evaluated by comparing the estimated wrist joint angles
to those obtained from a reference inertial measurement system based two IMU
sensors during DTM performed by four normal subjects.
3.3.1 Methodology
Experimental data measured from the IMU sensors and LMC based indepen-
dent motion capture technologies were processed and compared against each
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Figure 3.2: A general description of orientation estimation based IMU and
LMC approaches using two orthogonal vectors ~a and vector ~b.
other device by following the attitude estimation approaches as below.
Orientation Estimation based IMU
Kinematic information of the functional DTM task was deduced using a par-
ticular wrist joint orientation estimation-based method, as proposed in [79].
Palm rotational wrist kinematics were interpreted with respect to the distal
forearm’s coordinate frame due to the measurements in each corresponding co-
ordinate frame. Since the time frames of DTM were relatively rapid, i.e. less
than 200 ms [124], and the angular rates measured from the gyroscope are ade-
quate to capture this specific motion with greater accuracy at a relatively short
time frame. Indeed, the proposed approach based gyroscope measurements can
avoid the need to use magnetometer and accelerometer measurements which
inherently are subjected to significant errors due to magnetic field disturbances
and linear accelerations.
To mitigate the effect of sensor drift problem, a simple 10 second calibration
of stationary movement was conducted in the initial resting state and applied
in the signal pre-processing stage. By orienting perpendicular to the plane of
rotation to reduce or eliminate any cross-axis sensitivity, this implementation
also contributed to minimize the effects of attachment errors associated with
wearable sensors [125]. Moreover, offset values were removed from the orig-
inal gyroscope data prior to computing the wrist joint’s rotational angles in
order to optimize the accuracy of the proposed orientation estimation. This
was accomplished by computing the mode value of the gyro sensor data at a
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stationary state and subtracting it from the measured data for each individual
axis of each sensor unit. Additionally, the sensory data from gyroscope mea-
surement were normalized to generate optimal input signals for the orientation
estimation based quaternion form. Thus, it is believed to enhance the accuracy
of sensing and characterizing.
As the initial step of estimating the segment rotations, the time rate of
change of the rotational quaternion is considered as a function of the angular
velocity ω which is typically measured by a gyroscope. At the first time t
= 0, the arm and the hand are considered to be in a static state implying
that their initial rotational quaternions are assumed as q0 =
[





0 ωx ωy ωz
]
represents the original gyroscope readings around the
respective local coordinate axis in quaternion notation. The temporal dynamics
of the quaternion represented angular velocity of gyroscopic data is given in




q(t) ⊗ Ω(t), (3.1)
Using first order approximation:
q(t+4t) = I4⊗q(t) + q̇(t) ⊗4(t). (3.2)
where:
q̇(t) is the differentiation time-varying quaternion based angular velocity of
gyroscopic data at time “t”;
q(t+4t) is the quaternion at time (t+4t);
4t = 1/fs is sampling interval; and fs = 200 Hz which is the default
sampling frequency of IMU sensor;
I4 symbolizes the 4 x 4 identity matrix;
“⊗” indicates quaternion multiplication;
The sequential position vectors of the palm (vector ~b) with respect to the
forearm (vector ~a) as illustrated in Figure 3.2, are obtained from the previous
position vector of the palm and the corresponding quaternion of both palm and
forearm segments are described as follows:
~p(t+∆t) = qt ⊗ ~pt ⊗ q−1t . (3.3)
where q−1t is the inverse of quaternion.
Chapter 3. Real-Time Capture of Wrist Kinematics During Dart
Thrower’s Movement 48
Figure 3.3: Vector ~a and vector ~b are used to compute radial, ulnar, flexion
and extension angles respectively.
The proposed model assumes that the angular velocity is constant during
each sampling period 4t.
The rotation angles of the palm with respect to the arm then can be easily
obtained through the calculation of cross product between two position vectors
at each time frame under the assumption that the observation vector along the
arm position remains unchanged during the experiment.
Orientation Estimation based LMC
Unlike IMU, LMC measures the wrist joint angles based on the rotation matrix
instead of quaternion representation. Basically, it was assumed that the initial
position vector ~a is along the direction of the forearm and the initial position
vector ~b is along the direction of the palm respectively as shown in Figure 3.3.
~b′ = R.~b. (3.4)
Here, R is the rotation matrix that rotates vector ~a to the initial position
vector of IMU as ~p0 = (0, 0, 1).
Regarding vector ~b′ captured from the data pertaining to extension/flexion
and radial/ulnar angles of DTM, the corresponding rotation angles and the
associated range of movements of the wrist joint can be deduced.
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Figure 3.4: A typical Leap Motion Controller in active mode.
3.3.2 Motion Sensing Hardware System Description
Inertial Measurement Unit (IMU) based wearable sensors
DTM were recorded using two small (45 x 35 x 18 mm), state-of-the-art inertial
measurement units (“MPU-9150” from InvenSense, Inc.) containing a tri-axial
accelerometer, a tri-axial gyroscope and a tri-axial magnetometer. In addi-
tion, in-built sensor fusion techniques and calibration routines were developed
to deliver optimal sensing performance during the clinical experiments. The
gyroscope full scale range is ± 2000◦/sec. Furthermore, these sensors were cal-
ibrated to reduce settling effects and sensor drift by elimination of board-level
cross-axis alignment errors between the accelerometer, gyroscope and compass.
Indeed, the IMU sensors were used in a series of previous studies [79], [127],
and also had been benchmarked with the conventional multiple-optical cam-
eras based 3D motion tracking system (VICON T40S) [9]. The output data
of IMU sensors was originally sampled at 200 Hz and trasmitted wirelessly to
a personal computer. Care was given when selecting communication channels
in order to avoid interference from network connection technical problems op-
erating in surrounding area. The data was then analysed by using MATLAB
software (Mathworks, Natick, MA, USA).
Leap Motion Controller
Leap Motion Controller (‘LMC’ - Figure 3.4) is a motion sensor based 3D vision
camera specifically designed to track human hand movements. This specific
device is tiny where its three dimensions are approximate 79 x 30 x 11 mm.
Moreover, it can be able to operate in an intimate proximity with relative high
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accuracy and tracking frame rate (20 to 200 frames per second depending on the
users settings). LMC engages two infrared cameras (sensors) and three infrared
LEDs [26]. The grayscale stereo image data captured by these optical sensors
are transmitted to the computer, where advanced algorithms (not disclosed by
Leap Motion Inc., CA, USA) are employed to extract data in three dimensional
space. The sensors have about 150 degrees field of view and an effective range of
approximately 0.03 to 0.6m above the device. Even though the manufacturers
have claimed an accuracy of 0.01mm in position measurement, [27] showed that
it is indeed around 0.2mm and 0.4mm for static and dynamic measurements
respectively. In a similar research [28], repetitive measurements were conducted
to test the precision of the device. The maximum standard deviation was found
to be less than 0.5mm making it become a reliable and accurate motion capture
device. The major drawback of LMC is the problem of self-occlusion when
multiple-fingers and hands move together.
3.3.3 Experiment
To evaluate the performance of the inertial motion tracking system based IMU,
a comprehensive analysis based orientation estimation between the rotation
angles measured by LMC based 3D-vision motion capture system with those
from an inertial motion tracking reference system was conducted. Initially, each
subject was required to lay the forearm and the palm stationary on the table
and that was at an angle of 900 with respect to the arm. The experimental
procedure consisted of three stages. Firstly, the forearm and the palm were
lifted up 30 cm approximately and then the palm was rotated along X-axis and
Y-axis of IMU for calibration purposes and this procedure was repeated three
times accordingly. Two datasets from two motion sensing platforms of each
subjects performed DTM tasks were collected.
Each IMU was strapped to the dorsal side of the arm and the palm. In
the meantime, LMC device was also setup on the table as shown in Figure 3.5.
For the purpose of positional alignment and synchronization between LMC
device (sampling rate of 80 Hz) and inertial measurement reference system in
order to eliminate gyroscopic bias, a simple stationary calibration period of 10
seconds preceded prior to implementing the experimental task. Optical LMC
and inertial motion tracking platform were manually synchronised to start and
stop the record simultaneously. Indeed, this was refined with the data stream
in the data analysis stage.
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Figure 3.5: The experimental setup of IMUs and LMC devices.
3.3.4 Results and Discussion
The orientations of the palm with respect to the forearm were determined by
the aforementioned approach. The magnitude of the rotation angles estimated
from the inertial data obtained by wearable sensors associated with quaternion-
based method were used to compare with the rotation angles derived from LMC
system that used the rotation matrix-based method as shown in Figure 3.6.
The differences between the estimated rotation angles measured from IMUs
and LMC were analysed in terms of the root mean squared error (RMSE) and
standard error (SE). Further, the correlation coefficient r was determined to
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Figure 3.6: The graphical patterns of rotation angles based two motion capture
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Table 3.1: RMSE, SE and Correlations in terms of rotation angles between
LMC and Inertial Measurement Units.
Radial Ulnar Flexion Extension
RMSE 7.75◦ 8.69◦ 7.59◦ 15.66◦
SE 5.54◦ 3.64◦ 4.99◦ 11.73◦
r 0.98 0.98 0.95 0.96
A denotes the rotation angle being captured through flexion/extension, ra-
dial/ulnar motions, whereas S and C indicate whether the measurements were
made by inertial sensors or LMC respectively, N is the total number of obser-
vation from the sensors.
Table 3.1 presents the comparative observations of the rotation angles of
the palm with respect to the arm measured by using LMC with that obtained
by using IMUs. The values of RMSE given in degree unit were calculated to
evaluate the differences between the rotational angles estimated using IMUs
method and the rotation angles estimated by LMC including radial, ulnar,
flexion and extension angles. The errors of angles represented in degree unit
were smallest in the flexion’s rotation angles with RMSE is around 7.6o whereas
the largest RMSE value is approximate is 15.6o. The deviations between two
platforms were indeed affected by technical factors such as noise, bias and drift
of inertial sensors. The bias offset was caused by deterministic and random
parts. This is generally eliminated by using a simple 10-second calibration
at the initial phase prior to orientation estimation. Several remaining errors
between two systems could be due to misalignment of IMU’s coordinate frames
when mounting sensors on the palm and the arm. However, in comparison to
the error range which was about 12o - 16o obtained by Bachmann [128] and
the average orientation error of 20o achieved by measuring the orientation of
the forearm with respect to upper arm under the assumption that the elbow
acts as a constraint [129], the errors of rotation angles are still considered in
a reasonable error range. In addition, the correlation coefficients r shown in
Table 3.1 are mostly higher than the value of 0.95 depicting a strong agreement
between measurements obtained by IMU sensors and LMC based 3D vision
motion capture device. These correlation coefficients are also better than that
were obtained by estimating the rotation angles between the wrist and elbow
joints using well-known inertial measurements from Magnetic, Angular Rate
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and Gravity sensor (MARG) as well as from a reference optical motion tracking
system proposed by Zhou et al. (≥ 0.91) [67].
3.4 Effects of Wrist Kinematic Coupling Mo-
tions during Dart-Thrower’s Movement
3.4.1 Overview
This section used inertial measurement unit (IMU) to examine the ranges
of flexion-extension and radial-ulnar deviation movements measured in both
anatomical and oblique planes. The experiments involved fifteen healthy sub-
jects and eight patients impaired with four-corner fusion and radioscapholunate
fusion due to wrist arthritis. The results from the trials demonstrated a signifi-
cant difference between the range of flexion-extension motion in the anatomical
plane and in the oblique plane while the results did not imply the similar ob-
servation for the radial-ulnar deviation range. Thus, the findings of this section
highlighted the importance of using DTM to examine the functionality of the
wrist rather than two basic motions in the anatomical plane.
Based on the aforementioned orientation estimation method in previous
section, the ROMs of the wrist joint during dart-thrower’s motions in two
different conditions: with and without restrictions, were computed. Through
experiments, the functional roles of FE and RUD motions during DTM based
on the inertial sensor motion capturing system were investigated and then
evaluated the effects of wrist’s motions in anatomical plane and in oblique plane
by correlating the estimated wrist joint rotation angles between two different
cohorts as healthy subjects and patients.
3.4.2 Materials
Participants and Clinical Trial
The clinical trials were organized and conducted at Barwon Health Orthopedic
Department. Its protocol was approved by Barwon Health Human Research
Ethics Committee. Fifteen healthy subjects and eight patients, aged ranges
from twenties to sixties, were recruited. All subjects provided their written
informed consents to participate in the clinical trials. During clinical periods,
the ROM of each subject at both wrist sides was measured while the subjects
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Figure 3.7: Demonstration of the protocol setup. Top-left depicts extension
motion. Bottom-left depicts radial-ulnar deviation motion and right figure
depicts dart-thrower’s motion with restrictions.
seated at a table with the whole arm kept in stationary gesture on the table.
There were two IMU sensors used in the trials. Each IMU was strapped tightly
on the dorsal side of two different positions: in the middle of the forearm and
in the center of the palm. Both IMU sensors were synchronised to start and
stop recording simultaneously. Indeed, this action was refined with the data
stream in the analysis stage.
The trials were conducted through a series of the following functional tasks
as shown in Figure 3.7. Initially, the whole arm and hand laying on the table
and the wrist should be placed at a neutral position, subjects were required
to demonstrate the full ranges of RUD and FE movements with the hand was
out of the table. After that, subjects performed freely the DTM without any
restriction. Finally, subjects accomplished the DTM restricted by two strap
bands tightly on the forearm, in the meantime the forearm was placed on
a foam wedge arm-board. Each participant was instructed always throwing
the darts to aim at the centre of the dart-board as close as possible. Each
functional task was required to demonstrate three-times repeatedly and there
was a stationary calibration period of 10 seconds between each repeated time.
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3.4.3 Results and Discussion
The ROM of the wrist joint during functional trial tasks were determined by
the aforementioned approach. A general overview of the orientation estimation
analysis is summarized in Tables 3.2 and 3.3. The high standard deviation in all
tasks could be explained by the various types of impaired conditions observed
including healthy and disabled participants associated with the wide distribu-
tion of their ages. Similar to the literature studies of Franko et al. [130] and
Rohit Garg et al. [10, 23], kinematic coupling parameters and functional per-
formance were significantly decreased in restricted conditions. The FE means
range from 15◦ to 98◦, whereas the RUD means fall into between approximately
3◦ and 43◦. In all cases, the ROM of all subjects demonstratesd that FE is con-
siderably higher than RUD in both anatomical and DTM tasks. It is evident
that the contribution of the ROM of FE in the DTM is more prominent than
those of RUD shown by the fact that the ratios of FE over RUD in anatomical
plane, unrestricted DTM and restricted DTM are between 1.5 and 3.0 respec-
tively. This finding suggests a similar conclusion according to the study in [24].
In order to evaluate the statistical significance, significant level was set to P <
0.05 for the analysis in this study. Generally, the ROMs of FE and RUD mo-
tions are significantly different in all tasks (P < 0.05). Furthermore, in general,
the ROM of FE motion in anatomical plane, (µ = 92.60◦, σ = 36.57◦), is higher
than those in normal DTM and unrestricted DTM, (µ = 63.65◦, σ = 32.34◦)
and (µ = 67.15◦, σ = 38.21◦) respectively while there is no statistically signif-
icant difference between the ROM of RUD in all tasks. The results presents
a descent in terms of ROM of FE in DTM comparing to those motions in the
anatomical plane. Since the kinematic pattern of DTM closely relates to daily
activities occur at the wrist joint as reported in numerous studies [131–133], the
study also demonstrates a similar descent of ROM of FE in DTM comparing to
the motion in the anatomical plane, find redundancy in current approach for
examination the ROM of the wrist. This achievement proposes a novel idea for
examining the differences between preoperative and postoperative functionality
of the injured wrist by demonstrating DTM only. As similar to the observation
in [21], the kinematics of FE and RUD motions depicting the ROM are not suf-
ficient to appraise and conclude how well subjects use their wrist joints during
numerous activities on a daily basis. Instead of evaluating FE and RUD basic
motions seperately, there is now a need to assess the functional performance
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Table 3.2: The means of the ROM of FE movements in all tasks.
All hands Unaffected Affected
Anatomical
plane
Mean 92.60 98.05 67.38
SD 36.57 35.55 32.01
DTM
Mean 63.65 68.18 42.13
SD 32.34 32.91 18.98
Restricted
DTM
Mean 67.15 74.33 15.40
SD 38.21 34.81 13.58
Table 3.3: The means of the ROM of RUD motion in all tasks.
All hands Unaffected Affected
Anatomical
plane
Mean 39.72 42.03 28.75
SD 16.73 14.68 22.23
DTM
Mean 41.18 43.42 32.50
SD 16.10 15.71 15.57
Restricted
DTM
Mean 37.53 41.48 16.20
SD 18.65 17.59 3.27
of the wrist joint during DTM. Indeed, this alternative approach can be appli-
cable appropriately for rehabilitation services as it can significantly reduce the
therapy time by eliminating less important movements. As a consequence, it
would be more beneficial, convenient and time-saving for orthopaedic doctors,
clinicians, therapists and patients.
3.4.4 Summary
Studying of the human wrist joint kinematic particularly in DTM can provide
insightful information relating to the wrist performance in dynamic settings.
The main purpose of this investigation is to analyse the coupled wrist move-
ments during DTM with and without any restrictions. This includes examining
the correlation between coupling kinematics and functional performance of the
wrist from the effects of FE and RUD motions. Thus, this section further
elaborates the important role of FE motion during DTM. The current study
emphasizes the use of DTM to propose more accurate measures in assessing
the progress of rehabilitation exercises effectively.
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3.5 Restricted Dart Throwing Movement for
the Assessment of Wrist Functionality
3.5.1 Overview
A fully functional wrist is essential to perform myriad of movements needed for
daily living. Measuring the biokinematic performance of the wrist joint in terms
of unique motion based DTM is a renewed topic that has received considerable
attention in the literature. This section focuses on robust implementation of
inertial measurements in a wearable platform to capture day-to-day wrist joint
motions in real-time movement analysis. The clinical trial examined the ranges
of flexion-extension and radial-ulnar deviation movements measured anatom-
ical and oblique planes. The findings suggest differences in kinematics and
functional performance when the hand is restricted by capturing the ranges of
motions closer to the ranges of motions in anatomical planes measured inde-
pendently in comparison to the free hand dart throwing. These quantitative
outcomes in terms of measurement consistency will form the foundation in un-
derstanding the significant changes in wrist joint signatures associated with
different scenarios. Thus, the results emphasized the possibility of using re-
stricted DTM to assess the functionality of the wrist rather than fundamental
motions in the anatomical plane.
3.5.2 Materials
Participants and Clinical Trial
The approach employs only the angular rates measured from gyroscope reading
of IMU sensors in order to compute the ROM of the wrist joint during DTM
in two different conditions: with and without restrictions. Based on practical
experiments associated with the previous orientation estimation proposed in
Section 3.3.1, the functional roles of FE and RUD motions during DTM based
on the inertial sensor motion capturing system were examined. Then the effects
of wrist motions in anatomical plane and in oblique plane by correlating the
estimated wrist joint angles in two different scenarios will be evaluated.
The clinical trials were organized and conducted at Barwon Health Or-
thopedic Department. The ethical aspects of this research project have been
approved by Human Research Ethics Committee of Barwon Health (Barwon
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Health Reference: 14/88) and carried out according to the National Statement
on Ethical Conduct in Human Research (2007). Ten healthy subjects, whose
age ranges from twenties to sixties, were recruited. All participants provided
their written informed consents to participate in the clinical trials. During
clinical periods, the ROM of each subject at both wrist sides were measured
while the subject seated at a table with the whole arm keep staying station-
ary on the table. There were two IMU sensors are used in the trials. Each
IMU was strapped tightly on the dorsal side of two different positions: in the
middle of the forearm and in the center of the palm. Both IMU sensors were
synchronised to start and stop recording simultaneously. Indeed, this action
was refined with the data stream in the analysis stage.
3.5.3 Results and Discussion
The ROMs of the wrist joint during functional trial tasks were determined by
the aforementioned approach. In order to evaluate the kinematic performance
of the wrist joints when demonstrating DTM in two different scenarios i.e.
with and without restrictions, a series of analytic computations were conducted.
Moreover, the differences between the ROM of FE and RUD movements during
DTM and the original ROM of FE and RUD anatomically were calculated in
terms of the root mean square error (RMSE) and standard error (SE). To
further validation, the Pearson correlation coefficients (r) were computed to
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A denotes the coupling rotation angles as flexion/extension and radial/ulnar
motions which were captured through DTM, F and R denote whether the
measurements were obtained during dart-throwing freely and with restrictions
respectively, N is the total number of trial subjects.
DTM is considered as a fundamental movement engaging in numerous daily
activities [134]. A number of studies have quantified the DTM during qua-
sistatic experiments [131], [135]. The purposes of this investigation were not
only to quantify coupled wrist motions during DTM but also to determine the
impacts of artificially constraining this motion by strapping the forearm on a
wooden block.
Apparently, a mutual trend can be recognized clearly from the Table 3.4
which represents the values of both RMSE and SE measurements based on
the ROMs of FE and RUD movements whereas both of these parameters per-
formed in normal DTM are likely greater than those in restricted DTM. This
is evident that the ROM of FE and RUD in restricted condition is close to the
ROM of FE and RUD in anatomical plane (i.e. 15.472◦ and 22.838◦ respec-
tively). Generally, kinematic coupling parameters and functional performance
were significantly different between free and constrained conditions which was
in agreement with literature investigations.
Moreover, the Pearson correlation coefficients were also computed between
the coupling kinematic performance in restricted DTM and original coupling
motions as 0.876 and 0.921 for RUD and FE movements respectively. As a
consequence, these correlation coefficients can be interpreted as high positive
correlation according to Table 3.5 [136]. In addition, the values of ratio “R” as
0.924 and 1.355 show a relatively similarity between two functional tasks.
On the other hand, the results based on the functional performance during
normal DTM were all substantially different with the basic motions in anatom-
ical plane whereas the RMSE and SE values in normal DTM were greater than
restricted DTM and original motions.
According to [21], the kinematics of FE and RUD motions depicting the
ROM of the wrist joint are not sufficient to appraise and conclude how well
subjects use their wrist joints during activities on a daily basis. Instead of
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Table 3.4: Differences evaluation and correlation coefficients between normal
and restricted DTM.
Normal DTM Restricted DTM
FE RUD FE RUD
RMSE 51.862◦ 48.526◦ 15.472◦ 22.838◦
SE 28.076◦ 39.699◦ 8.154◦ 14.543◦
r 0.582 0.486 0.921 0.876
R 0.706 1.706 0.924 1.355
Table 3.5: Rule of thumb for interpreting the size of a correlation coefficient.
Size of Correlation Interpretation
0.90 to 1.00 or -0.90 to -1.00 Very high positive/negative correlation
0.70 to 0.90 or -0.70 to -0.90 High positive/negative correlation
0.50 to 0.70 or -0.50 to -0.70 Moderate positive/negative correlation
0.30 to 0.50 or -0.30 to -0.50 Low positive/negative correlation
below 0.30 or below -0.30 Negligible correlation
evaluating the ROM of FE and RUD motions seperately, there is now just a
need to assess the functional performance of the wrist joint during DTM with
constrained the forearm. Indeed, this proposed approach can be appropriate
for physical rehabilitation exercises as it can significantly reduce the therapy’s
time by eliminating redundant movements such as original RUD and FE. As
a consequence, it would leverage to deliver more beneficial, convenient and
time-saving for both orthopaedic specialists and the patients. These outcomes
can be considered as normative references for kinematic coupling parameters
during the functional tasks and to serve in clinical assessment, treatment plan-
ning, outcome documentation, and potentially, rehabilitative decision making
appropriate excercises for patients.
3.5.4 Summary
The main purpose of this investigation was to analyse the coupled wrist move-
ments during DTM in two scenarios with and without restriction. This includes
examining the relative correlation between coupling kinematic parameters and
functional performance of the wrist through the effects of FE and RUD motions.
The finding emphasizes the use of DTM to propose more effective measures in
assessing the progress of rehabilitation using inertial sensors based a low-cost
3D motion tracking system.
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3.6 Qualification of Wrist Functional Perfor-
mance during DTM
3.6.1 Overview
This study examines the characteristic function of wrist movements when per-
forming DTM using only gyroscopic data measured from inertial sensors. A
multi-dimensional form of dart throwing trajectory is described using quater-
nion representation associated with distance metric computation to quantita-
tively validate the functional wrist performance between two cohorts as healthy
controls and patients. Eight normal subjects and eight patients engaged in a
series of clinical trials conducted after undergoing post-surgical reconstructive
procedures of the wrist joint. The discriminative results in terms of silhouette
clustering evaluation show that the use of distance metric values based quater-
nion trajectory is well-matched consistently with subjective expert assessments.
The proposed approach captures the relative motions underpinning the wrist
joint instead of relying on the traditional measure based on the range of motion
measure. Therefore, this section proposes a reliable approach to dynamically
capture the wrist functionality during dart thrower’s movement; a movement
envisaged to describe the ability to engage in daily life activities. These quan-
titative outcomes in terms of measurement consistency will provide insightful
information in understanding the significant changes in wrist joint signatures
associated with various scenarios. This indeed is expected to produce a mech-
anism to quantitatively and unobtrusively assess the functional performance of
one of the most complicated joint in the human body.
3.6.2 Materials
Participants and Clinical Trial
Eight healthy subjects without any history of upper extremity injury and eight
patients who have undergone wrist surgical procedures in the Barwon Health
hospital, were recruited in this research. All participants’s age ranges between
30 years and 70 years. The purpose of the study was explained clearly to them
and written consents were obtained from all participants prior to collecting
data procedure in the clinical experiment. The clinical trials were organized
and conducted at Barwon Health Orthopedic Research Unit.
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The experimental protocol was identical to the previously published study
that examined wrist kinematic coupling and performance during functional
tasks between control and patient subjects in [79]. Two IMU sensors were
attached to the dorsal side in two different positions: on the middle of the
forearm and on the dorsum of the hand as shown in Figure 3.7. Additionally,
both IMU sensors were synchronised simultaneously for normalizing data col-
lection. This was refined with the data stream in the analysis procedure. A
short calibration process in 10 seconds was implemented during the recording
with the wrist and forearm resting in neutral position (0◦ of FE and RUD) by
using a clinical goniometer.
Initially, the hands were placed on the table with both wrist and forearm
were placing in a neutral position. This allowed subjects to keep the upper
limb in a static posture and two IMU sensors were calibrated for decreasing the
attachment errors. From this starting point, subjects engaged in demonstrating
DTM to throw darts as close as possible to the bull’s-eye of a dartboard. This
functional task was required to be carried out three times repeatedly, and there
was a stationary calibration period of 10 seconds between each throwing.
3.6.3 Methodology
Quaternion - based Orientation Estimation
From the fundamental Equations (3.1)-(3.3) in previous Section 3.3.1, the or-
thogonal quaternions qpalm and qarm at the palm and forearm positions from
sensor 1 and sensor 2 can be determined respectively. In particular, each sensor
contains the relative information corresponding to the kinematic performance
of the wrist joint and hence the use of two sensors are necessary to capture the
relative wrist motions during DTM.
The quaternions at the palm location (local coordinate frame) with respect
to the forearm location (reference coordinate frame) are obtained by following
the equation:
q(palm/arm) = q(palm) ⊗ q−1(arm), (3.12)
Since each subject demonstrated three DTM repeatedly, it is important
to determine an optimal DTM based rotational trajectory by visualizing the
gyroscope readings as illustrated in Figure 3.8.
In order to find a set of quaternions representing a complete DTM trajec-
tory, there is a need to compute the transition quaternions which account for
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Figure 3.8: Gyroscope readings from IMU Sensor 1 on the palm where top and
bottom are for a typical control and a patient subject respectively.
the updating process from its previous quaternion at time (t− 1) to its new





where q−1(arm) and (q
t−1
(palm/arm))
−1 representing for inverse of quaternions. In
addition, during the entire estimation process, all quaternions are normalized
consistently to minimize the phase error accumulation.
The distance metric between the quaternion trajectories of two different
subjects is measured as follows [31], [32]:
D(qR(i), qT (j)) = |1− qR(i).qT (j)| . (3.14)
Here, qR(i) and qT (j) are the reference quaternion and the test quaternion
between two elements i and j respectively.
Silhouette Clustering Analysis
In order to interpret and validate the consistency within clusters of examined
datasets, Silhouette clustering technique is applied to provide a graphically
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concise representation of how accurate each subject belongs to its cluster [138].
Indeed, the Silhouette clustering evaluation is applicable consistently with any
distance metric. The Silhouette value for each point is a measure of how similar
that point is to points in its own cluster (cohesion), when compared to points
in other clusters (discrimination). The Silhouette value for the ith point, Si,





Here, ai is the average distance from the ith point to the other points in the
similar cluster as i, and bi is the minimum average distance from the ith point to
points in a different cluster, minimized over clusters. One can also increase the
likelihood of the silhouette being maximized at the precise number of clusters
by re-scaling the data using feature weights that are appropriately clustered .
3.6.4 Results and Discussion
DTM is considered to be a fundamental pattern in numerous daily life activities.
The primary goal is to determine the characteristic differences in circumduc-
tion arcs between normal and injured wrists due to the lack of wrist studies
in post-surgical rehabilitation associated with many unknowns regarding the
kinematics of DTM.
Statistical Analysis and Clustering Evaluation
The box-plots shown in Figure 3.9 represent the significant difference between
the median values of control and patient cohorts, which are 0.023 and 0.004
respectively. A considerable separation between the two cohorts is graphically
detectable. Indeed, this figure elucidates the significant differences whereas
non-overlapping confidence intervals indicate a significant difference at the cho-
sen p-value with a tolerance of 5%. Furthermore, the two-sample t-test was
performed to analyse statistical differences in the values of distance measure
based quaternion trajectories between patients and control subjects. As a re-
sult, with a p-value of significantly 0.05 resulting from the distance metric
values of all subjects, it is evident that, with 95% confidence, the true median
values of patients and controls are considerably different. These outcomes have
a strong agreement with previous study [10] whereas the functional performance
via DTM was all significantly reduced in patients compared with healthy sub-
jects indicating a relatively abnormal DTM. This result suggests that injured
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Figure 3.9: Box-plots with the statistical distribution of the distance metric
values of control and patient groups. On each box, the edges of the box are
the 25th and 75th percentiles, the whiskers are the mean ± std, and data point
beyonds the whisker is displayed as an outlier value representing by dot symbol.
Figure 3.10: Silhouette clustering evaluation of two clusters as controls and
patients.
wrists may have a prejudicial effect on functional kinematic performance after
surgical procedures.
In Figure 3.10, there is an S value of the control group close to zero rep-
resenting that the data is on the border of two groups. This also agrees with
an outlier from the control cohort as represented in Figure 3.9. Most points
of controls are higher than 0.624, indicating that the controls are relatively
well-matched. The average S values for all patients is 0.969 which indicates
that all patients are clustered appropriately within its own cluster.
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3.6.5 Summary
In this work, the aim was to capture the different characteristics in terms of
kinematic performance in the wrist joint using DTM. The proposed approach
manifests evidently to be an effective indication of the ability to perform ADL
as well as the significant amount of reconstructive rehabilitation. The outcomes
suggest considerable differences regarding kinematics and functional perfor-
mance between two different cohorts with the control group performing better
on kinematic and performance variables in terms of distance metric values.
These quantitative findings in terms of measurement consistency will form the
foundation for understanding the significance of changes in wrist joint signa-
tures associated with injuries, as well as changes in such signatures during
rehabilitation. This becomes clinically important when designing specific post-
operative rehabilitation protocols.
3.7 Sensing and Characterization of the Wrist
Using Dart Thrower’s Movement
The kinematic characterization of the underlying movement is described in
terms of time-series quaternions measured from gyroscope data. The distance
metrics between these representations are used to compare quantitatively wrist
kinematic performance against clinical observations. A clinical trial was con-
ducted engaging five normal subjects and ten patients undergoing a series of
post-surgical rehabilitation programs. The approach classifies effectively the
patients from normal subjects and alleviates the need for range of motion
measurements of the wrist joint implying the quaternion trajectory associ-
ated with classical dynamic time warping as a useful kinematic description
for dart thrower’s movement in assessing and characterizing the wrist perfor-
mance. Clustering and classification results confirm that this proposed method
is well-correlated with clinical assessments based on high positive correlation
coefficients. The primary objective of this investigation is to enhance the uptake
and promote the uses of wearable sensors in longer-term monitoring scenarios
particularly relevant to non-clinical environments.
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Figure 3.11: Demonstration of the protocol setup.
3.7.1 Materials
Participants and Clinical Trials
Five healthy subjects without any history of recent upper extremity injury,
and ten patients who had undergone wrist surgical procedures in the past (five
patients had injured wrist in the left side and five patients had injured wrist
the right side) were recruited in this research. The age of participants ranges
between 30 years and 70 years. The purpose of the study was explained to
them and written informed consent was obtained from all participants prior
to collecting data phase of the clinical experiments. The experimental setup
(Figure 3.11) was identical similarly as the previous Section 3.6.
3.7.2 Methodology
To further development in this investigation, there is an essential demand for a
similarity matching technique between the wrist movements of various subjects
in order to classify the rotational trajectories of DTM into two different cohorts
including healthy and injured wrists. Based on the properties of quaternion pa-
rameterization representing a rotational movement in three-dimensional space,
time warping in the quaternion domain is applied to measure the degree of
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similarities among various rotational quaternion trajectories [111] when com-
paring the kinematic performance between two different DTM based quaternion
trajectories. For these characterization purposes, classical dynamic time warp-
ing (DTW) on multi-dimensional data is a well-known technique for pattern
matching and gesture recognition [113]. In the context of gesture classification
using dynamic time warping, the functional characteristics of each subject can
be identified and grouped into an appropriate cohort by integrating with the
hierarchical clustering classifier.
DTW based approach for characterization of the “distance metrics”
between quaternion trajectories
Time warping was applied in the quaternion domain to calculate the similarity
between different rotational trajectories. The DTW approach was originally
introduced in the early work [139] which relates closely to the task of word
recognition based on speech analysis. In this subsection, the fundamental in-
sight based classical approach will be briefly presented.
In the specific context of 3D rotational trajectories, two input signals repre-
sented by quaternion parameterization are considered for the DTW task: tem-
plate (reference) signal qR and test signal qT . The goal of DTW algorithm is
to determine a warping function which provides the best mapping between the
corresponding reference points and test signal points which can be considered
as signal features.
DTW was applied to assess the similarity matching between two rotational
DTM trajectories. According to [139], the optimal dynamic path Dopt is the





D(qR(i), qT (w(i))), (3.16)
where w(i) is the warping path as the function which defines mapping (assign-
ment) between elements i and j. The measure of distance metric between two
different quaternion trajectories is defined as follows [140], [141]:
D(qR(i), qT (j)) = 1− |qR(i)⊗ qT (j)|. (3.17)
In addition, this distance function has a significantly computational advan-
tage since it just engages only four computations and one comparison [141].
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The distance function must be defined for every point (i, j). Hence, one
constructs a matrix of size N (the length of a reference trajectory) by M (the
length of a test trajectory). Each element (i, j) of the matrix is the distance
between elements qR(i) and qT (j) as follows:
m(i, j) = D(qR(i), qT (j)). (3.18)
In the next step, the values of accumulated cost matrix Dacc(i, j) are deter-
mined as follows:
Dacc(i, j) = D(i, j) + min
k≤i,l≤j
Dacc(k, l), (3.19)
where Dacc(i, j) is always considered as the minimum accumulated distance
up to the grid point (i, j). Taking the monotonic and continuity constraints
into consideration, this can be defined in the following steps [139]:
Dacc(i, j) = D(qR(i), qT (j)) + C, (3.20)
where C is defined as the cost matrix:
C = min

Dacc(i− 1, j − 1),
Dacc(i− 1, j),
Dacc(i, j − 1)
 . (3.21)
The final solution can be determined easily as it is the last element of the
warping function:
Dopt = Dacc(N,M). (3.22)
where N and M represent to the last components of the reference and test tra-
jectories respectively. The solution is the minimal cost of warping the template
trajectory into reference.
Classification based Hierarchical Clustering
The distance metric Dopt between every pair of subjects in the dataset shown
in Figure 3.12 is an element of a final distance matrix which is a symmetric
matrix KxK, where K is the total number of normal and patient subjects. Thus,
all elements which belong to the principal diagonal of the distance matrix are
equal to zero since it illustrates the distance of the similar trajectories from
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Figure 3.12: A schematic representation of the proposed methodology.
same participant. All subjects are then grouped into a binary form in order to
perform hierarchical agglomerative clustering by using average linkage function.
This is a simple clustered (bottom-up) hierarchical agglomerative method [142].
It focuses on linking pairs of subjects that have close similarity in terms of
proximity through the distance metrics generated in previous section. Average










where: a and b are clusters generated from smaller clusters;
na and nb are the numbers of subjects in clusters a and b;
uai and ubj are the i
th and jth subjects in cluster a and b.
Once subjects are paired into binary clusters, the newly formed clusters
are grouped into larger clusters until a final hierarchical tree or dendrogram is
established. An ultimate schematic diagram of the aforementioned approach is
summarized in Figure 3.12.
3.7.3 Results and Discussion
While movements of the upper extremity (including the trunk, shoulder, elbow
and wrist) are considerably intricate [143], the present study only focuses on
the portions of specific tasks which actively engaged the wrist joint. Literally,
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Figure 3.13: Typical DTM rotational trajectories in 3D space of two cohorts
as control and patient subjects.
DTM is considered as a fundamental pattern in numerous daily life activi-
ties [131], [144]. The ultimate goal of this chapter is to determine the charac-
teristic differences in terms of circumduction arcs between normal and injured
wrists of various participants due to the lack of wrist studies in post-surgical
rehabilitation and many unknowns regarding the kinematics of DTM [22].
This section proposes a method to describe a typical kinematic trajectory
of DTM based on a set of quaternions. For visualization purposes, Euler angles
were used to represent a rotational trajectory as shown in Figure 3.13 when
the participants performed the DTM during the clinical experiments. Basically,
a typical DTM includes three consecutive parts: 1) neutral position of DTM
refers to the hand slightly reversing in preparation for throwing a dart, 2) the
hand throws a dart, which creates an arc trajectory from top to bottom, 3) after
throwing the dart, the hand returns back to the neutral position. This section
examined mainly on the second part, since this is the most pivotal motion
involving post-surgical fusion of numerous bones inside the wrist joint [22].
For control subjects, Figure 3.13 shows five typical trajectories similar to the
normal DTM trajectories described in the literature [23], [145] which were ob-
tained using more sophisticated and non-wearable technologies based multiple-
cameras and optical markers. On the other hand, it is evident to recognize that
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the DTM trajectories of patient participants are relatively arbitrary patterns.
Therefore, the DTM trajectories of control and patient subjects are substan-
tially different by visualizing the 3D rotational trajectories. Accordingly, it
could clearly classify two different groups: patients (red) and healthy subjects
(green) as illustrated in Figure 3.14. The horizontal axis in the hierarchical
dendrograms depicts the values of distance metric between every pair of sub-
jects. Indeed, the values based distance metrics belong to patient group are
smaller than control group indicating a relatively restricted movement.
Dynamic time warping algorithm associated with rotational trajectories
based quaternion parameterization were employed as the input so that the
distance metrics between every pair of trial subjects can be determined. From
this, a distance matrix was constituted by including all of the distance met-
ric values. Consequently, subjects who had significant similarities in terms of
rotational trajectory based distance metrics were clustered together in a com-
mon domain by performing unsupervised hierarchical agglomerative clustering
analysis which were represented graphically as dendrograms [146].
After linking all the patients and controls in a hierarchical dendrogram, it is
necessary to verify that the distances (or the widths along the horizontal axes
in the tree diagram) precisely reflect the original distance metrics in order to
assert the reliability of the proposed method. The width is defined as the cophe-
netic distance between two subjects. In order to investigate how well the cluster
tree was generated, an attempt is to compare the cophenetic distance with the
original distance metric data used to construct the hierarchical branches. This
is a standard measure of how effectively the tree represents the dissimilarities
among observations. If the clustering is valid, the linking of objects in the clus-
ter tree should have a strong correlation with the distances between objects in
the distance vector. The cophenetic function compares these two sets of values
and computes their correlation, returning a value called as cophenetic correla-
tion coefficient. The closer the value of the cophenetic correlation coefficient is
to 1, the more confident to a high quality clustering classification.
In this study, the cophenetic correlation coefficients are 0.73 and 0.83 for
the right and left hand sides respectively. In addition, Spearman’s rank corre-
lation coefficients are also computed between the dissimilarities of the original
distance metrics and the cophenetic distances resulting as 0.75 and 0.87 for the
right and left hand sides respectively. As shown in Table 3.6, these correlation
coefficients can be interpreted as high positive correlation according to [147].
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Figure 3.14: Hierarchial dendrograms based distance metric values for the two
cohorts as control and patient subjects where figures (a) and (b) represent for
left hands and right hands respectively.
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Figure 3.15: Distance matrix values for patient and control cohorts for the left
(a) and right (b) hand sides when performing DTM.
Both hierarchical dendrograms of left hand and right hand exhibit remarkable
correlations with the specialist’s clinical assessments.
Furthermore, the result also has an alternative clustering classification using
not-box-plot visualization as shown in Figure 3.15. The use of the mean instead
of the median and the standard error of the mean (SEM) associated with
the standard deviation (SD) instead of quartiles and whiskers are deliberate.
Jittered raw data are plotted for each group of subjects. Data point of each
subject is layed over a 1.96 SEM and 1 SD where non-overlapping confidence
intervals indicate a significant difference at the chosen level of p-value, which
here is 5% or 95% confidence interval for the mean values.
Since the distance metric values of patient subjects are always lower than
control subjects based on hierarchical clustering classifier, the boxes of control
group are significantly higher than the boxes of patient group regarding both
hands. For the left hand, the mean values of control subjects (0.0164) are
substantially greater than four times the mean values of patients (0.00366).
Regarding the right hand, a more prominent distinction exists between healthy
and injured wrists while the mean values of control subjects (0.00894) are
higher approximately more than three times than the mean values of patients
(0.00254) as shown in Table 3.7.
Though the results are potentially promising, there are still existing several
limitations in the current system and analysis. Firstly, by using a histori-
cal cohort of normative data as a reference, the data analysis was unable to
control the factors of age or gender. Secondly, because these subjects were
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Table 3.6: Verification of Hierarchical Clustering Classification Based on Cor-
relation Coefficients.
Spearman Cophenetic
Left hand 0.87 0.83
Right hand 0.75 0.73
Table 3.7: Mean Values Based on Distance Metrics.
Control Group Patient Group
Left hand 0.0164 0.00366
Right hand 0.00894 0.00254
tested only after surgery, this study was unable to compare the outcomes to
pre-operative function. Lastly, the small sample size of the trial subjects may
have under-represented the range of functional performance, limiting the abil-
ity of the results to be generalized. Moreover, it is also important to emphasize
that the use of inertial sensors requires accepting a number of limitations. For
example, although the study employed many techniques to minimize errors,
sensor positioning and motion artifacts are likely to contribute to the rotation
angle estimation causing a deviation to the actual joint angles especially when
considering their practical applications in a real-time system which measures
longitudinal data. In practice, several errors could be minimized by ensuring
more rigid sensor positioning [148] and leveraging the joint’s kinematic con-
straints directly into the calculation of joint angles [149] to reduce the effect of
drift problem [150].
Despite these limitations, the findings of this research are consistent, the
statistics are reassuring by validating through high positive correlation coef-
ficients, and the ultimate message is unequivocal: the distance metrics based
quaternion trajectories of injured wrists are significantly small and different
from those of normal wrists. These outcomes have a strong correlation with
previous studies [23], [151] whereas the kinematic performance was all sig-
nificantly reduced in patients compared with healthy subjects during DTM.
Therefore, operated wrist coupling can have a prejudicial effect on functional
performance after surgical procedures. These information may serve as a nor-
mative reference data for kinematic coupling parameters during functional tasks
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to assist the clinical assessment, treatment planning, and potentially, rehabil-
itative decision making. Although small, the present study must be regarded
as a preliminary investigation in terms of the first clinical research series using
wearable sensors and rotational trajectory based on quaternion representation
for the functional characteristics of wrist joint’s kinematics when performing
DTM. This is not only a direct application of human wrist movement analy-
sis but also very important in progressive assessment of patients undergoing
post-surgical programs.
In future work, several models based filtering to fuse another inertial sen-
sor measurements such as accelerometer and magnetometer readings will be
engaged. A more robust orientation estimation of the wrist joint will be de-
signed to develop a clinical performance index based on the measurement of the
proximity using quaternion presentation. Further trials with larger numbers
of participants will provide a deeper insight into the functional performance of
the wrist joint in various dynamic settings as well as detailed information of
the cluster boundaries between two different cohorts. Consequently, the per-
formance index can be improved to help therapists in identifying effectively the
severity level of the injured wrist in terms of kinematic performance so as to
design effectively an automated quantification mechanism of human wrist func-
tionality, thus reducing clinician-patient alliance discrepancy, i.e. Inter-Rater
Reliability (IRR).
3.8 Summary
This chapter proposed a feasible approach for efficient characterization of wrist
motions in a dynamic setting through DTM using quaternion representation for
motion trajectories associated with the similarity and dissimilarity matching
based dynamic time warping algorithm. The hierarchical clustering classifier
has been applied effectively for DTM classification between two different co-
horts as healthy and injured wrists. Hence, several other movements constitut-
ing in daily life activities can leverage the proposed approach. The introduced
concept and insights gathered over the process can provide valuable recom-
mendations and visual cues for improving the clinical assessment of the wrist
joint’s kinematic functionality. A fundamental reshaping of understanding with
regard to the rotational planes of wrist motions and the functional arc of the
human wrist joint may lead to advances in non-surgical and surgical care of
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wrist injuries, implant design, and treatment progress. Since the classification
based characterization obtained a high quality clustering solution associated
with the high positive correlation coefficients, the results show a promising
tendency for wider usages in clinical applications. For further extension of the
proposed method, a ranking system based performance index will be developed
in order to track the current status as well as the improvement of a patient
during the clinical rehabilitation process.
Chapter 4
Quantification of Axial




Gait and balance related disabilities are common features among patients with
cerebellar ataxia enhancing the possibility of falls and leading to possible frac-
tures that would adversely affect their daily life activities [152]. Patients
with these neurological conditions often manifest instabilities during regular
tasks [153], particularly associated with standing. A number of studies de-
scribed ataxic postural anomalies and found a strict interrelation between bal-
ance deficits and cerebellar ataxia [154]. The complexity of controlling the
stability amounts to numerous types of balance perturbations that needs a sys-
tematic clinical assessment for effective treatments. Although cerebellar ataxic
posture is a common and disabling symptom in neurological diseases, system-
atic studies of the characteristics of cerebellar posture are still to be desired.
Moreover, several investigations provide not only conflicting results but also in-
consistencies within relevant cohorts [155]. Also, there are currently no specific
guidelines to evaluate the clinically relevant changes in postural characteris-
tics. A closer investigation into postural balance control affecting CA patients
is likely to enhance traditional clinic-based semi-objective CA assessments.
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Postural disabilities in CA are desired to be assessed quantitatively though
qualitative [152] assessments are the norm. Typically, the postural assessment
in a clinical setting engages the use of subjective rating scales such as the
Scale for the Assessment and Rating of Ataxia (SARA). Despite the fact that
SARA is validated to detect current progression of CA [156], there is evident
to state that the clinical assessment based rating scales might underestimate
the severity of postural changes in CA [157]. Indeed, precise analysis of clinical
symptoms is often neglected due to low levels of physician awareness [158].
Therefore, an objective assessment of postural disorders in CA is pivotal not
only in neurological research but also in clinical practice [152].
Traditionally, the Romberg test has become a standard clinical test in the
evaluation of postural instability during quite standing [159]. In general, this
specific test demonstrates the loss of stability without the visual input as well
as impaired proprioception [160]. When the patient sways or displays an im-
balance in a standing posture, with both eyes closed while standing with both
feet together, it is considered as a positive sign for the test. Although this test
has been used clinically for many years [161], the sensitivity of this test and
precise means of capturing the severity levels of disequilibrium resulting from
neurological disability have not been established yet [162].
In order to assess the postural standing balance for rehabilitation protocols,
a number of investigations have developed low-cost telerehabilitation systems
allowing continuous monitoring of hemi-paretic stroke patients and their ex-
ercises in home-based settings [163–165]. Similar studies in the literature also
mainly employed a range of clinical instruments from force plate platforms to
stabilometers for the quantitative assessments of ataxic patients [166]. The use
of these systems is still limited in practice due to cost, the specialised techni-
cal expertise and the associated laboratories required. Alternatively, objective
measures of postural stability using wearable inertial sensors have the poten-
tial advantages to assist clinicians with more accurate, stable and sensitive
biofeedback-markers for longitudinal testing of posture and gait even during
various tasks [167]. Portable, lightweight, and having user-friendly mobile in-
terfaces integrated with automated analysis and real-time display capabilities,
the IMU based 3D motion measurement system provides a less expensive, more
practical means of quantifying postural sway in both clinical and non-clinical
settings [168]. Akira et al. [166] investigated the feasibility of using inertial sen-
sors through various truncal parameters recorded from the back. The findings
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of this study can be considered sensitive and constituted objective biofeedback-
markers for the quantitative clinical assessments of posture and gait impair-
ment in ataxic patients. In [169], trunk body instability was examined using a
method based on the power spectral density of an IMU signal from the lower
back of the ataxic patient in capturing the truncal sway during quiet stance
on a firm surface with eyes open/closed. Efficient measurements of trunk ac-
celeration during the quite stance not only determine an impaired postural
balance control in individuals disabled with neurological disorders [170], but is
also able to track improvement or deterioration in postural stability during the
rehabilitation programs [171]. At present, the number of investigations using
IMUs still remains small and numerous research questions regarding the type
of equipment, optimal placement and the most informative outcome measures
are still being investigated due to the lacuna of detailed studies on how CA
affects postural standing and gait [166].
Entropy measures effectively quantify the probability that neighbouring
points in a time series will be within a predetermined range, essentially con-
stituting the generic attribute of describing the nature of point-to-point fluc-
tuations in a physiological signal. These information theory based approaches
have been considered in the study of postural control to quantify how indi-
viduals regulate their postural fluctuations during their daily activities [172].
Nonlinear, non-stationary signals from the force platform are also suited to the
relatively localised characterisation and underpin the entropy-based methods
by capturing the postural stability to a higher degree of accuracy [173]. Fur-
thermore, there has been a renewed interest in identifying how the complexity
of physiological signals changes along with the health status [174]. Entropy
can also lead to the quantification of changes in physiological movements, pos-
sibly due to disabilities such as inability to regulate postural fluctuations [175].
In practice, a wide range of different dynamic models including speech signals
and physiological measurements relating to brain and heart signals [176] have
been characterised using entropy based approaches. In addition, measures in
the entropy domain using force plates or stabilometric platforms for the quan-
titative evaluation of postural balance control are described in detail through
numerous studies [177–179]. However, functional parameters in the entropy
domain have never been used before to assess and quantify the upper-body
movements measured by a low-cost wearable sensor during quite stance.
Although abnormal oscillations of the trunk are considered as a common
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clinical feature in patients with cerebellar ataxia, the kinematic behaviour of
the upper-body in ataxic patients is still obscure and demands further inves-
tigations with closer attention to subtle movements in specific parts of the
trunk. Moreover, the role of upper-body movements in ataxic posture is yet
unknown [180]. A detailed study of the control of upper-body movements in
ataxic patients could be helpful for planning specific rehabilitation treatments
or designing new assistive devices aimed at reducing trunk oscillations and im-
proving dynamic stability. In this study, a novel approach was proposed to
measure and assess the postural balance performance through a clinically used
Romberg and Trunk tests by attaching two inertial sensors on two distinct
positions: upper-back and front-chest. The captured signal is collected in the
form of time-series acceleration measurements. The entropy of the deduced
velocity is primarily considered as neural motor control during a quiet stand-
ing posture which contains a significant portion that is proportional to body
sway velocity [181]. In fact, it is indicative of a postural control strategy dur-
ing quiet standing that relies notably on velocity information [182]. Healthy
subjects and patients with diagnosed CA disorders are engaged in this study
to quantitatively assess postural stability thorough commonly typical entropy
descriptions against clinical observations.
4.2 Materials
4.2.1 Trial Participants
Thirty-four patients diagnosed with cerebellar ataxia (mean age of 47.64 and
a standard deviation of 10.8 years) and twenty-two aged matched healthy sub-
jects were engaged in this investigation. All of the participants performed in
both of the bedside tests considered as functional tests for capturing upper-
body ataxia movements. This project was approved by the Human Research
and Ethics Committee, Royal Victorian Eye and Ear Hospital, East Melbourne,
Australia (HREC Reference Number: 11/994H/16). Written consents were ob-
tained from all trial subjects.
4.2.2 Inertial Sensor
BioKinTM is a wireless wearable device with an embedded tri-axial accelerom-
eter [78] (Model chipset “MPU-9150” from InvenSense, Inc., San Jose, CA,
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Figure 4.1: (a) Romberg test; (b) BioKinTM system; and (c) Trunk test.
USA) connecting with an associated application program on the mobile device
as shown in figure 4.1b. It is optimised to reduce settling effects and sensor
drift problem by eliminating board-level cross-axis alignment errors between
each inertial sensor [9]. The sensors were benchmarked against a conventional
multiple camera based optical motion tracking system (Vicon system, T40S,
Oxford, UK), a high precision benchmarking system [83]. The output data of
the sensor was originally sampled at a specific frequency of 50 Hz. Data trans-
mitted through wireless communication was processed in MATLAB (R2017b,
MathWorks, Natick, MA, USA) environment.
In this research, two BioKinTM sensors were engaged to add spacial diver-
sity to postural measurements as well as to investigate the feasibility of using
an alternative position (e.g., upper-back) of the body that was less likely to
interfere with daily activities and enhanced wearability. This is in contrast to
the observation of truncal movements through accelerometer readings in [183].
One sensor unit was positioned on the sternum (front-chest) by means of an
elastic neoprene belt [184]. The second sensor was attached on the upper-back
location, in the midline and just below the neck as depicted in Figure 4.1. In-
deed, for wearability and patient’s comfort related personal issues, the aim of
these placements was to use a minimal number of sensors as well as employing
locations that are least likely to have other motion artefacts (i.e., movements
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of the shoulder joint, respiration, etc.). These wearable sensors provided trunk
acceleration measurements in three orthogonal axes considering as Anterior-
Posterior (AP), Medial-Lateral (ML) and potentially Vertical (VT) directions
when performing the Romberg and Trunk tests. In fact, these accelerations are
measurements of truncal sway. The directional acceleration values were used
to deduce the velocity in three directions of movements (x, y and z) defined in
the accelerometer’s local coordinate frame.
4.2.3 Signal Processing
All data transmitted through wireless means were processed offline in the MAT-
LAB environment (MATLAB R2017b, MathWorks, Natick, MA, USA). The
frequency range of information content is examined with an initial sampling
rate set to 50 Hz from the BioKinTM sensors. As the first sensor is attached
on the front-chest using a belt, specific movements synchronised with the res-
piratory rhythm was also captured. A frequency-domain analysis of the pos-
turographic signal indicates a peak within a relative band between 3 and 5
Hz that is characteristic of cerebellar tremor [152], and the maximum normal
respiration frequency for normal persons was considered to be 18 breaths per
minute, which means approximately 0.3 Hz. Furthermore, a low frequency
variation of the stability related upright movements is typically observable in
the vertical direction. Figure 4.2a shows a typical magnitude of the captured
acceleration values for each test while Figure 4.2b denotes the respective band
of frequencies used in the underlying analysis. Both of these are removed by
the zero-phase Butterworth high-pass filter with the cut-off frequency of 0.3
Hz [185], which essentially contributed to reducing the sensor drift due to the
mean amplitude displacement from zero (DC offset) of the steady-state accel-
eration signals when integrating the velocity. In capturing significant signal
energy and removing the unwanted measurement noise, a zero-phase Butter-
worth low-pass filter with the cut-off frequency of 5 Hz was also employed prior
to deriving the velocity.
4.2.4 Clinical Protocol
The experimental setup for the Romberg and Trunk tests as shown in Figure
4.1b and c is described as follows:
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Romberg Test
The subjects were instructed to keep both arms by the sides of the body, with
both feet together and maintain this standing posture for 30 seconds. The
clinical assessment was conducted under two different conditions: eyes open
(EO) and eyes closed (EC). If the subject exhibited postural instability with a
risk of a fall, then the test will be terminated.
Trunk Test
The participants were required to sit without their back touching the back of
the chair with arms crossed and positioned against the chest. They were then
required to lift their feet from the ground for 15 - 20 seconds.
4.3 Methods
4.3.1 Root Mean Square
Root Mean Square (RMS) value of the acceleration has commonly been used
in a number of gait and postural analysis studies [186]. Computation of the
RMS is extremely simple and requires no preconditions such as an optimal
threshold and accurate peak detection to obtain characteristics of the signal
pattern [187]. Generally, the magnitude of acceleration is considered in these
studies and other signal parameters such as signal peaks. RMS values generally
capture the signal effects in a global sense and correlate with the standard
deviation since sensor bias in the acceleration signals were removed. The root
mean square value of acceleration measurements in three orthogonal Cartesian
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4.3.2 Approximate Entropy (ApEn)
ApEn [188] was derived from the basic concepts of Kolmogorov–Sinai Entropy
[189] where signals that encompass meaningful information were subjected to
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the presence of noise. For an N sample time series, {u(i) : 1 ≤ i ≤ N}, given
m, which generates vector sequences Xm1 and X
m
N−m+1 as follows:
X im = {u(i), u(i+ 1), ..., u(i+m− 1)} , (4.2)
where i, j = 1, , N −m + 1 and m is the length of the compared window. For
each i ≤ N −m+ 1, let Cmi (r) be (N −m+ 1)−1 times the number of vectors
Xm1 within the radius of similarity r of X
m
1 . By defining:




where ln is the natural logarithm, Pincus [188] defined the ApEn parameter as
follows:
ApEn(m, r) = lim
N→∞
[φm(r)− φm+1(r)]. (4.4)
For finite N, it is estimated by the statistics and hence Equation (4.4) will
become:
ApEn(m, r,N) = φm(r)− φm+1(r). (4.5)
4.3.3 Sample Entropy (SampEn)
In 2000, Richman and Moorman introduced a new measure, Sample Entropy
(SampEn). SampEn provides a technical improvement over that of the ApEn
algorithm by not counting self-matches without the use of a template-wise
approach [175]:






where m, r, N and φ retain their meanings from Equation (4.5).
4.3.4 Fuzzy Entropy (FuzzyEn)
According to [190], we can define the parameter FuzzyEn(m, r) of the time
series as follows:
FuzzyEn(m, r) = lim
N→∞
[lnϕm(r)− lnϕm+1(r)], (4.7)
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Additionally, for a specific case of finite datasets, Equation (4.7) can be
estimated by the statistic:
FuzzyEn(m, r,N) = lnϕm(r)− lnϕm+1(r). (4.8)
A systematic review reveals that the selection of two parameters as m and r
are relatively consistent across literature studies: sequence length m is typically
2 and point matching tolerance r is either 0.15 or 0.20 in order to incorporate
in entropy analyses which produce statistically reliable and reproducible results
for most datasets [178].
In general, the velocity which is integrated over time from the filtered ac-
celeration, will be considered as the vector time series Xi (in Equation 4.2) to
input to these entropy measures.
4.3.5 Statistical Analysis
In this study, two statistical test parameters were performed; the p-value and
the area under the ROC curve (Receiver Operating Characteristic) in order to
test the efficiency of regularity measures for signal discrimination. The p-value
represents the probability of indicating samples of one population as equal to or
greater than samples of another population and is obtained using a two-sample
t-test. Numerically, p can take values between 0 and 1, and, in this study, p
< 0.05 was considered as statistical significance. In another aspect, the area
under the ROC curve (AUC) is the probability that, for instance, a classifier
ranks a randomly chosen instance x higher than a randomly chosen instance
y, where x and y are samples taken from two independent populations. An
AUC value of 0.5 indicates that the distributions of the features are similar in
two groups with no discriminatory power. In contrast, an ROC area value of
1.0 would indicate that the distributions of the features of the two groups do
not overlap at all. The AUC value was approximated numerically using the
trapezoidal rules [191] where the larger the ROC area, the better the discrim-
inatory performance. In addition, Spearman’s rank correlation coefficients r
were calculated to investigate the correlative relationship between the entropy
values and the clinical assessment scores.
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4.4 Results
4.4.1 Romberg Test
The entropy measures of the deduced velocities corresponding to patients were
significantly greater than those corresponding to control subjects. This was the
case with both eyes open and eyes closed based on trunk acceleration measure-
ments derived from both sensors as depicted in Figure 4.3. Postural control
measured when eyes were closed (EC) had significantly increased for both pa-
tients and controls as expected. However, the extent of the difference was
conspicuous for the patients when compared to healthy subjects. The level of
significance was very high for all parameters measured in the Medial-Lateral
and Longitudinal directions. These findings agree with the results obtained in
a previous study of using a stabilometer [192], but triaxial accelerometers are
more readily employed, particularly for patients with a tenuous balance.
Table 4.1 presented Spearman’s rank correlation coefficients between the
entropy-based features (SampEn, ApEn, FuzzyEn) and RMS from two sensors
(Sensor 1 and Sensor 2) and expert clinical scores for the performance through
Romberg and Trunk tests. The correlation values between the clinical scores
and the Fuzzy entropy-based features from Sensor 1 in Medial-Lateral (ML),
Vertical (VT) and Anterior-Posterior (AP) directions when EC were 0.68, 0.69
and 0.76 (p < 0.05), respectively. Similarly, for the case of EO, there were
strong relationships between the entropy measures and the scores in three di-
rections (ML (x1): r = 0.63; VT (y1): r = 0.63; AP (z1): r = 0.72). It is
noticeable that the EC entropy results from Sensor 2 also displayed a strong
correlation in three directions (r > 0.6). Table 4.1 outlines that the Sam-
pEn technique provided a relatively moderate correlation in three directions (r
> 0.5) apart from EO (VT (y1)) which was 0.48 while those of Sensor 2 were
only high in y2 (EC: r = 0.78 and EO: r = 0.62) with p < 0.05. Furthermore,
in terms of ApEn, the correlation coefficients were low for both Sensor 1 and
2, except for EO and EC in y2 (0.59 and 0.65, respectively). This can amount
to the inherent differences in the two entropy techniques. Theoretically, ApEn
emphasises each sequence as matching itself to avoid the occurrence of the in-
finite result due to the logarithm of zero within its calculations. This step can
cause several biases in ApEn leading to a lack of consistency for the variations
relevant to the time series data. Furthermore, as both SampEn and ApEn tech-
niques are sensitive to parameter selection, a slight change in the parameters
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Figure 4.3: Box-plots of velocity based Fuzzy entropy values in the Romberg
test for Sensor 1 (top) and Sensor 2 (bottom); (A) is for the eyes open condition
and (B) is for the eyes closed condition.
can consequently result in the variations to be discontinuous. Indeed, the RMS
description based features in all three axes for Sensor 1 correlated poorly with
expert clinical assessments (r < 0.2) as well as relatively poorly correlating
between the two sensors (r < 0.5).
The FuzzyEn values, in all three orthogonal directions (ML, VT and AP),
were lower for controls in comparison to the corresponding patients values for
both EO and EC captured from Sensor 1 as depicted in Figure 4.4a. In particu-
lar, mean ± STD in EC for controls (x1: 0.012 ± 0.0029, y1: 0.010 ± 0.0021 and
z1: 0.017 ± 0.0052) were significantly different to the patients’ corresponding
values (x1: 0.0369 ± 0.0194, y1: 0.0308 ± 0.0249 and z1: 0.0509 ± 0.0275) in all
three directions respectively. Indeed, this enhanced significant difference (p <
0.05) for the case of EC is expected in a strong agreement with the clinical ob-
servations of greater acceptance. According to the results derived from Sensor 1
as shown in Figure 4.4a, FuzzyEn values (mean ± STD) in ML, VT and AP di-
rections were lower for the controls under EC condition (x1: 0.012 ± 0.0029, y1:
0.010 ± 0.0021 and z1: 0.017 ± 0.0052) in comparison to patients (x1: 0.0369
± 0.0194, y1: 0.0308 ± 0.0249 and z1: 0.0509 ± 0.0275) under similar criterion
(p < 0.05). Although FuzzyEn was not significantly different within control
cohort between EC and EO scenarios, the patients exhibited a more significant
difference since EC had a higher mean in entropy values than those for EO in
Chapter 4. Quantification of Axial Abnormality Due to Cerebellar































































































































































































































































































































































































































































Chapter 4. Quantification of Axial Abnormality Due to Cerebellar
Ataxia with Inertial Measurements 92
Figure 4.4: Bar-graphs represent mean and standard deviation values of
velocity-based Fuzzy entropy values of Romberg test using two sensors which
(a) is Sensor 1 and (b) is Sensor 2.
three directions, establishing that the alternate hypothesis holds (p < 0.05). In
Figure 4.4b, the means of FuzzyEn values of patients were significantly higher
than those of the controls under EC scenario (y2: 0.3573 ± 0.2451, x2: 0.3821
± 0.1725 and z2: 0.2948 ± 0.1907) and (y2: 0.0304 ± 0.024, x2: 0.117 ± 0.0611
and z2: 0.0482 ± 0.0248), respectively. For the case of EO, the mean values of
entropies presented high separation between the two cohorts in all three axes.
However, the standard deviation values from Sensor 2 were considerably higher
and relatively equal to the mean values, demonstrating a wider range of values
for FuzzyEn in comparison to those of Sensor 1.
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Table 4.2: Discrimination evaluation based on area under ROC curve (AUC)
values in Romberg test.
Directions
Romberg Test
Sensor 1 Sensor 2
Eyes Open Eyes Closed Eyes Open Eyes Closed
x-Axis 0.7353 0.8035 0.8771 0.9265
y-Axis 0.7126 0.8356 0.8048 0.8812
z-Axis 0.7701 0.8596 0.7901 0.8904
Table 4.3: Discrimination evaluation based on area under ROC curve (AUC)
values in Trunk test.
Directions
Trunk Test





A similar behaviour was observed in the Trunk test with a higher level of
correlation (Spearman’s rank correlation coefficient) when using FuzzyEn as
shown in Table 4.1 for both sensors in all three directions in comparison to
other techniques. In addition, Sensor 1 demonstrated a stronger correlation
rather than Sensor 2 with the expert’s clinical ratings (i.e., x1: r = 0.53; y1:
r = 0.36; z1: r = 0.35) (p < 0.05) and (x2: r = 0.41; y2: r = 0.40; z2: r
= 0.26, respectively). AP (z1) movements were well-correlated with clinical
assessments when using RMS values with a correlation coefficient of 0.54 (p <
0.05) in comparison to the other directional movements (r < 0.2, p < 0.05).
The velocity-based FuzzyEn of patients’ data from Sensor 1 and Sensor
2 presented in Figure 4.5 were comparatively higher than those of controls
demonstrating consistency in terms of complexity of the abnormal cohort across
both Romberg and Trunk tests. This can also be observed through the mean
values of two cohorts as depicted in Figure 4.6, where, for the case of Sensor
1, the mean ± STD values of FuzzyEn for controls (x1: 0.0368 ± 0.0087; y1:
0.0395 ± 0.01; z1: 0.0634 ± 0.0123) were slightly lower than that of patients
(x1: 0.051 ± 0.016; y1: 0.0447 ± 0.0139; z1: 0.0761 ± 0.0239). Similarly, the
mean values of the patients from Sensor 2 were higher than that of the controls
(y2: 0.0337 ± 0.0307; x2: 0.0579 ± 0.0437; z2: 0.0744 ± 0.0569) and (y2: 0.0146
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Figure 4.5: Box-plots of velocity-based Fuzzy entropy results of Trunk test
using Sensor 1 (a) and Sensor 2 (b).
± 0.0106; x2: 0.0369 ± 0.027; z2: 0.0472 ± 0.0303).
4.5 Discussion
Despite the literature reports of abnormal oscillations of the trunk in pa-
tients [193] and an abnormally increased trunk sway during stance [194], none
quantitative studies have yet been performed to provide a detailed analysis of
upper-body kinematics in CA. A closer investigation into subtle postural bal-
ance control in CA patients, particularly with respect to directional abnormali-
ties, is likely to enhance traditional clinic-based semi-objective CA assessments.
In this study, the deduced directional velocities were considered as opposed
to the measured accelerations in the three orthogonal directions. A number
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Figure 4.6: Bar-graphs represent mean and standard deviation values of
velocity-based Fuzzy entropy values of Trunk test, whereas (a) is Sensor 1
and (b) is Sensor 2.
of various entropy approaches were examined to effectively quantify the un-
derlying complexity of the velocity deductions corresponding to couple IMUs
placed on front-chest (Sensor 1) and upper-back (Sensor 2) positions in order
to capture the postural disturbance in participants diagnosed with CA. Sensor
measurements facilitated the information of the disability affecting different
directions including ML, VT and AP in two distinct locations. In addition,
the ability of these postural quality indices to effectively discriminate the two
cohorts under separate scenarios (EO and EC) and their correspondence with
the commonly used clinical scores were investigated. The proposed approach
facilitated the importance of truncal movements to uncover intrinsic disability
related information from patients naturally attempting to maintain the postu-
ral equilibrium. To the best of knowledge, this is the first preliminary study
using entropy measures to analyse the irregularity of velocities derived from
trunk accelerations using inertial sensors placed on upper-back and front-chest
positions. In this work, the disability manifestation in three orthogonal di-
rections was considered as opposed to most of the literature considering two
directions (ML and AP) [192,194] with significant classification observed in the
third vertical (VT) direction.
4.5.1 Entropy as a Complexity Measure
Engaging entropy methods has proven to be more sensitive and effective than
the traditional Center of Pressure (COP) in capturing the changes of human
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balance. Entropy based approaches have drawn a significant amount of atten-
tion due to their sensitivity in determining the regularity and complexity of
the physiological signals [172]. In the entropy domain, the FuzzyEn was intro-
duced to overcome and outperform several existing limitations of other entropy
measures such as ApEn and SampEn, whereas both algorithms employ a Heav-
iside function to measure the similarity of the embedding vectors from the time
series being compared [195]. With regard to this advantage, the FuzzyEn ap-
proach provided the most significant correlation with the clinical assessments
in comparison to other algorithms as shown in Table 4.1. Therefore, in contrast
to the other conventional approaches of using the RMS method [184,185,196],
in which Moe-Nilssen reported that the RMS values along the ML direction in
a slightly balance-impaired participant increased compared with that in nor-
mal subjects [197], the proposed technique can provide a superior quantitative
measure of postural balance in order to effectively characterise the disabilities
due to CA.
A significant level of classifications was exhibited between healthy subjects
and patients for both Trunk and Romberg tests under each scenario (EC and
EO) when using FuzzyEn of the velocity parameters. CA disorder seems to
affect the postural balance in all three directions to varying degrees and exhibits
more pronounced fluctuations in terms of velocity measure corresponding to
the sway movement. The findings here corroborated with the results reported
through previous studies [166]. These have also inferred that the difficulties
in controlling truncal stability and reduced anticipatory postural adjustments,
likely demarcated by the increased entropy values in all three directions, can
indeed result in an increased risk of falls. The significant differences between
entropy indexes under EO and EC conditions depicted in Figure 4.3 revealed
a higher degree of truncal fluctuations in all three directions for CA patients,
confirming that the closure of eyes consequently results in the exclusion of
visual feedback input affecting the postural control. This observation is in
agreement with literature investigations in which the postural sway was more
severe when eyes closed than with eyes open, and the degree of difference
was more conspicuous in the patients rather than in the control subjects [166,
184]. According to the clinical assessments, the patients are classified into
three different sub-groups ranging from 0 to 2, representing the less severity
degree (0) to the most severity degree (2), respectively. This classification is
attributed to the high variability of entropy values in patients, since higher
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entropy values imply a higher degree of severity, leading to relatively high STD
of Romberg entropy-based measures in patients as shown in Figure 4.4. Indeed,
the fuzzy entropy results are well-correlated to the true patient severities of the
underlying conditions as depicted in Table 4.1 in terms of strong correlations
with the clinical scores. Therefore, these outcomes could underline that the
changes in entropy domain did truly reflect the impairment in postural balance
control due to CA. Considering the results pertaining to fuzzy entropy analysis,
CA patients always produced higher values in three directions in comparison
to controls in both tests. Indeed, the assertions are in line with the existing
literature whereby increases in entropy values are indicative of a physiological
signal exhibiting a greater degree of complexity [174].
Interestingly, due to the positional difference of the upper-back sensor, the
oblique-vertical movement is dominant in the disability manifestation when
engaged in Romberg test (as shown in Figure 4.3) rather than other orthogonal
directions. In contrast, for Trunk test, FuzzyEn results in AP direction are more
dominant (presented in Figure 4.5) in comparison to other axes. Moreover, the
front-chest sensor captured the CA related disability more effectively in the
form of postural sway, particularly in AP direction. The abnormalities were
prominent in the natural measurement (inclined direction) of the upper-back
sensor that is unlikely to be observed during normal clinical observations.
4.5.2 Assessment Overview of Romberg and Trunk Tests
The underlying investigation was aimed at (i) the classification between two
cohorts and (ii) achieve a higher degree of correlation with the expert clinical
assessments. A strong correlation implies that the proposed technique captures
the significant features that manual examinations inherently observe. It is vital
that this chapter endeavours to capture features that are unlikely to be detected
through clinical observations. Therefore, instances where lesser correlation
with a higher degree of classification are also of exceptional interest to further
objective measurement approaches.
As shown in Table 4.2, in terms of discriminatory ability, two sensors agree
that the EC scenario exhibits more effective than EO in determining the dis-
ability during human body sway. It is evident that the upper-back sensor
achieved a significantly better classification result, while the front-chest sensor
would produce a higher correlation with specialist’s observations. Therefore,
Chapter 4. Quantification of Axial Abnormality Due to Cerebellar
Ataxia with Inertial Measurements 98
it should be noted that the discriminatory capabilities are not always associ-
ated with higher correlation with clinical scores implying that certain sensory
features may not be directly observable during standard clinical assessments.
Tables 4.1 and 4.2 infer that the upper-back sensor proved to be a poten-
tial position for a single sensor setup to classify two cohorts evident through
high AUC values, while the front-chest measurements are well-correlated with
clinical observations. These findings suggested that designing a wireless wear-
able system with an upper-back sensor may be a preferred installation for
neurologists and clinicians to capture disabilities displayed as postural truncal
irregularities. This is an effective and relatively unobtrusive way to provide an
objective assessment when making clinical decisions for patients with CA dis-
order. This is particularly the case when assessments are made in non-clinical
environments in order to observe the conditions of the patients in more regular
and time intervals at a higher frequency.
An overview of classification and correlation capabilities as depicted in Ta-
ble 4.1 shows that the Romberg test appears better suited for capturing the
CA disability for the characterisation of postural balance than the outcomes
provided by the Trunk test. Consequently, Romberg test can be considered as
a superior and efficient assessment to discover and quantify the abnormality in
clinical settings, inferring the redundancy of the Trunk test.
Following the development of low-cost measurement systems in home-based
healthcare environments [163–165], the proposed approach involving wearable
sensors provides significant information of truncal movements in all three or-
thogonal directions as opposed to the traditional methods associated with 2D
measurements. Indeed, the IMU based wearable system is able to clearly dif-
ferentiate patients and control subjects even in the simple standing task when
EO, which is similar to [166,169,184,198]. These findings are basically in agree-
ment with those obtained using a stabilometer [192]. Therefore, the postural
parameters measured by inertial sensors could provide excellent features based
biofeedback markers for the objective and quantitative evaluation of postural
disturbance in ataxic patients. Moreover, while longitudinal studies are impor-
tant for greater understanding of postural balance disabilities due to CA, the
robust implementation aspect in a wearable platform highlighted in this study
can be useful in investigating day-to-day changes of human stability control,
particularly in non-clinical settings.
The aforementioned method clearly captured significant differences between
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CA patients and normal subjects in postural stability performance, even cov-
ering certain clinically unobservable instances. Clinical trials that are gener-
ally used to assess an impaired postural stability expressing large variability
(e.g., Clinical Test of Sensory Interaction for Balance and others). This disad-
vantage could be eliminated using the proposed system which enable to evaluate
more subtle changes in postural stability in CA patients. As a consequence,
the proposed approach may prove useful in gaining deeper insight into the
postural stability impairments, laying the development for novel neurological
examination and rehabilitation protocols.
4.6 Summary
This study is aimed at devising an objective assessment scheme using inertial
measurements to capture axial disability manifested due to Cerebellar Ataxia.
The determination and assessment of postural instability are proposed by using
the Fuzzy entropy of the postural sway velocity deduced from the measured
truncal accelerations. Fuzzy entropy descriptions of kinematic features such as
velocity were identified as an effective and superior approach in comparison to
the RMS approach considered previously. This technique exhibited significant
differences in postural stability control between patients and controls. From
the two widely used truncal ataxia trials as Romberg and Trunk tests, the
Romberg test was demonstrated to be more superior in terms of diagnosis as
well as high correlation with the expert clinical assessments under the proposed
objective measurement criteria. The Trunk test is considered to be redundant
in this context. Furthermore, the placement of inertial sensors can play a piv-
otal role in capturing the underlying disability and specifically in obtaining
certain movements of exceptional interest that are not directly observable dur-
ing routine clinical assessments. In summary, the results demonstrate a strong
argument for wider usages of inertial measurements for the quantitative assess-
ments of cerebellar ataxia, possibly in non-clinical settings. Though clinical
scales can represent subjective observations, the proposed method may prove
instrumental in gaining clearer insight into the postural stability and postural
balance problem, enhancing the uptake and promoting the use of wearable sen-
sors in longer-term monitoring scenarios facilitated by low-cost measurement
systems in non-clinical environments such as home-based healthcare settings
under appropriate neuro-rehabilitation programs.
Chapter 5
Quantitative Assessment of
Abnormal Gait Ataxia Using
Inertial Sensing at Different
Walking Speeds
5.1 Introduction
The cerebellum is primarily responsible for controlling movements and plays an
important role in maintaining security and voluntary limb coordination. Gait
disturbance is one of the most pronounced and disabled symptoms in cerebel-
lar disease. Generally, gait studies mainly quantify human gait characteristics
under natural (normal) walking speeds while considering mostly upper-body
movements. Therefore, the impacts of various walking speeds and how they
manifest as disabilities in the upper and lower body in the forms of gait charac-
teristics have rarely been discussed in neurorehablitation, particularly among
patients with Cerebellar Ataxia (CA). The primary goal of this study was to
investigate the influence of different walking speeds through a number of gait
parameters of both the upper and lower body, as a severe phenonmenon of dis-
abilities caused by CA. Wearable sensor technology was employed to identify
the kinematic characteristics which best capturing the gait abnormalities man-
ifested in cerebellar ataxia. Three inertial measurement units were attached
to each participant (on the trunk and both lower limbs). Measurements were
made at self-selected slow, preferred and fast walking speeds. A number of
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post-analysis data features were selected due to their statistical significance.
Velocity irregularity and resonant frequency characteristics were identified as
key features for representing the abnormalities of truncal and lower limb move-
ments respectively. The principal component analysis was utilised in order to
obtain the characteristics in terms of higher variance in discriminating the pa-
tients from the normal subjects. Subsequently, the differential features for both
trunk and lower limb movements were combined to produce an even greater
separation between the patients and the normal subjects, as well as better cor-
relation with the expert clinician’s assessments. The different speed of walking
conditions resulted in varying degrees of separation and correlation with the
clinician’s severity ratings, as well as with the Scale for the Assessment and Rat-
ing of Ataxia (SARA). The results of truncal movements in the medio-lateral
plane (at the slow gait speed) and anterior-posterior movements (at all three
gait speeds) provided optimal metrics for the diagnosis and severity scaling of
gait ataxia in patients with CA. Clinically, truncal medio-lateral movements
can be observable and express the disability at relatively slow gait speeds while
the anterior-posterior movements captured by the sensory mechanisms which
characterise the disability across all walking speeds. The principal component
descriptions of selected dominant features from the trunk and lower limbs sug-
gest that overall clinical assessments are predominantly influenced by the lower
body peripheral movements particularly at higher cadences.
5.2 Materials
The ability to walk normally relies on a high degree of both trunk and limb
coordinations. The cerebellum plays a key role in coordination and when func-
tionally impaired, gait ataxia is a frequent manifestation. An ataxic gait is
characterised by a wide-base (increased distance between the feet), an unsta-
ble walking path, and high variability of cadence [199]. Fundamentally, there
is marked variability in gait [200] leading to an increased risk of falls [201].
The cerebellum provides rhythmic input to the locomotor brainstem centres
for supra-spinal locomotor control, which is an integrated sensory input to
achieve coordinated limb movements [202, 203]. Gait and truncal instability
are associated with injury or dysfunction of the midline cerebellum or vermis.
Recently, it has been shown that alterations in the temporal gait parameters in
patients with CA are dependent on walking speeds, high deviations occurring
Chapter 5. Quantitative Assessment of Abnormal Gait Ataxia
Using Inertial Sensing at Different Walking Speeds 102
during slow and fast walking [204, 205]. Walking heel to toe or in a straight
line is challenge for subjects with cerebellar gait ataxia and this test has a
number of elements in both standing and slow locomotion. Participants with
an ataxic gait have a greater degree of truncal sway in the Anterior-Posterior
(AP) and Medio-Lateral (ML) axes when standing. A possible explanation
for the variation in sway movements that has been observed at different gait
speeds might be the differences between a gait pattern that requires a relatively
high degree of postural stability versus one where a greater amount of forward
momentum is developed [166, 206]. The quantification based spatio-temporal
gait parameters was considered to be an effective measure in patients with
Friedreich ataxia [207]. An overview of gait studies in patients with neurode-
generative diseases [208] explained that the stride-to-stride fluctuations during
walking may be affected by loading attention and even require a cognitive input.
Moreover, current measurements of ataxic gait were mostly based on the trunk
characteristics at natural walking speeds [166, 209, 210]. A self-reported gait
unsteadiness system requiring multichannel recording was proposed in [211].
Besides, the contribution of gait parameters to the gait abnormalities has been
considered to explore principle features for gait analysis based assessment in
different neurological disorders. A similar study for Parkinson’s Disease were
discussed in [212]. Understanding how the disease affects to human motor
function will provide more valuable insight to the rehabilitation [213]. In-
deed, wearable technology based inertial measurement unit (IMU) has success-
fully been used to measure significant differences between normal and ataxic
gaits [214–220]. This particular study investigates the effects of ataxic gait
on both upper and lower body movement characteristics at three self-selected
walking speeds (slow, preferred and fast speed). In capturing the disability
associated with CA, trunk movement abnormalities were captured by an IMU
sensor positioned on the chest and the peripheral movement abnormalities were
observed by couple IMU sensors positioned at each ankle as illustrated in Fig-
ure 5.1. Gait assessments were performed under three conditions, whereby the
subjects were instructed to walk at slow, preferred and fast speed (with each
speed was determined by the subject). It was evident that the greatest vari-
ability in ataxics was best captured at the torso during slow walking. During
fast walking, kinematic features measured from the lower-limbs dominated a
significant difference between controls and ataxic patients. Both upper and
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Figure 5.1: Clinical trial setup and diagram schematics of gait analysis.
lower body kinematic parameters were combined to provide an objective as-
sessment of gait, with a high quality in terms of discrimination between the two
cohorts and a superior correlation with expert clinical assessment conducted on
the patients. Furthermore, random forest approach was employed to uncover
the underlying features of extracted gait parameters. The results expose the
characteristics captured from lower limbs are more dominant in comparison
with other parameters that affect the gait ataxia from the clinical observation.
5.3 Methods
5.3.1 Subjects
Twenty-nine patients diagnosed with cerebellar ataxia disorder and twenty-
two age matched normal subjects (controls) participated in this trial. During
in clinical gait assessment due to CA, all patients who have SARA scores less
than six points, can stand and walk by themselves. The patient cohort includes
50% male and 50% female with average age 63 ± 11.4 yrs. The control group
includes 20% male and 80% female with average age 50.4 ± 10 yrs. Subject’s
characteristics are described in Table 5.1.
5.3.2 Inertial Sensing Measurements
The wearable sensing system includes three BioKinTM devices based IMUs.
BioKinTM uses the chip (MPU-9150) from the manufacturer InvenSense, Inc.
which is optimized to reduce settling effects and sensor drift by elimination of on
board-level cross-axis alignment errors between the accelerometer, gyroscope,
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Table 5.1: Characteristics of Participants.
and compass [9]. This sensor was also benchmarked against a well-known sys-
tem as VICON T40S, which is a multiple camera-based optical motion tracking
system commonly used for human motion analysis. In order to capture upper
and lower body movements during gait measurements, participants were re-
quired to wear three sensors: one was attached on the chest (upper sensor) and
two were attached on each ankle (lower sensors) while walking three meters at
three different speeds (i.e. slow, preferred and fast). BioKinTM mobile appli-
cation was used to collect gait parameters derived from those inertial sensors
for an automated cloud-based data analysis.
5.3.3 Feature Extraction
In order to observe the sensor positioning effects and the speeds of gait (slow,
fast, preferred) dependency, sensors were positioned at the ankles and the chest
to observe the gait characteristics related variations at different walking speeds.
The sensor was positioned at the chest so that the X1,Y1 and Z1 axes captured
ML, AP and Vertical (VT) movements respectively. The sensors on each lower
limb were positioned so that X2/X3, Y2/Y3 and Z2/Z3 axis captured ML, AP,
and VT movements respectively. The speed and cadence parameters widely
used in gait analysis, were also compared to the parameters presented above.
Initially, both upper and lower body movements were assessed independently.
Entropy, a signal irregularity measure, was used as a feature to capture the
upper body motion abnormality during walking. Lower body movement abnor-
malities were captured with resonance-frequency-based features. Subsequently,
all the important features were combined by using principal component analysis
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Figure 5.2: Walking velocity in trunk and lower limbs.
(PCA) to identify the significant and dominant features which were expected
to result in an optimal discrimination between controls and patient group, as
well as a high correlation with clinical assessments.
Cadence estimation based Fast Fourier Transform (FFT)
According to [221], the frequency at the maximum power or resonance often
correlates with the cadence. The magnitude of the acceleration signals mea-
sured along X, Y, and Z axes were used to obtain the resonance frequency (RF)
through spectral analysis where the largest value of maximum FFT power cor-
responds to the cadence.
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Table 5.2: Gait parameters from torso and lower limb measurements.
Entropy-based velocity irregularity measure for truncal abnormality
In order to measure the randomness in gait performance or uncertainty level
during walking tasks, the Fuzzy entropy algorithm of the deduced velocity
was applied similarly same as in Chapter 4. Theoretically, a low FuzzyEn
value indicates increased regularity in a physiological signal whereas a higher
FuzzyEn value indicates increased irregularity.
Frequency-based analysis for lower limb movement
Lower limb movements were captured by two BioKinTM sensors attached at
the ankles. In the analysis of the locomotor function, the frequency domain
description was used to analyse the resonance in each orthogonal axis (X,Y and
Z). The magnitude and the resonance along each direction were used to form
a feature vector which is referred as V , for each participant.
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Figure 5.3: Features distribution - FuzzyEn-based feature from the torso and
amplitude at resonance frequency from the lower limb measurement.
5.3.4 Principal Component Analysis
Principal component analysis (PCA) is a commonly employed technique to
combine and extract dominant features, and has been widely used in locomo-
tion analysis, particularly in neurological disorders [222–225]. In this project,
the feature datasets corresponding to patients and controls are explored in or-
der to generate the principal components with higher variance. In PCA, the
data is naturally transformed into a new coordinate system, where the covari-
ance matrix is diagonal thereby maximising the feature variance. Figure 5.5
represents the results based on PCA. By applying this technique, novel features
such as PC2 and PC3 can deliver significant separations between the control
and patient cohorts.
5.3.5 Random Forest Regression for Investigating Fea-
ture Contribution
Random forest (RF) or random decision forest is an ensemble learning method
for classification, regression and other functions that operated by construct-
ing a multitude of decision trees at training time and producing the class that
is the mode of the classes or mean prediction (regression) of the individual
trees [226, 227]. Further, random decision forests correct for decision trees’
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habit of overfitting to their training set [228]. An RF includes a set of deci-
sion trees (DTs) where each tree consists of split nodes and leaf nodes. Each
DT is conducted by randomly selecting the data from current information. In
fact, an RF for each DT in random subspaces can be constructed by randomly
sampling a feature subset selection. In RF, the features are randomly selected
in each decision split. The correlation between trees is reduced by randomly
selecting the features which improve the prediction power and result in higher
efficiency. RF is appropriately applicable for high dimensional data modeling
because it can handle missing values continuously. The bootstrapping and en-
semble scheme reflect that RF is strong enough to overcome the problems of
over-fitting and hence there is no need to prune the trees. Moreover, RF is
efficient, interpretable and non-parametric for various types of datasets [229].
Let Ω denotes the entire feature sets from torso and lower limbs of the patients
and controls. An RF model is an aggregation of tree predictors h(x; θk), k =
1, ..., K; where x represents the observation input vector of length p with as-
sociated random vector X and θk are independent and identical distributed
random vectors. K is the number of decision trees in the forest. For disability





As k →∞ so the Law of Large Numbers ensures that:
EX,Y (Y − h̄(X))2 → EX,Y (Y − h(X; θ))2. (5.2)
The quantity on the right equation is the prediction error for RF, designated
as PE∗f . The convergence in Equation (5.2) implies that RF does not overfit.
The average prediction error for an individual tree h(X; θ) is defined as follows:
PE∗t = EθEX,Y (Y − h(X; θ))2. (5.3)
Assume for all θ values, the tree is unbiased, i.e. EY = EXh(X; θ). Then:
PE∗f ≤ ρ̄PE∗t . (5.4)
where ρ̄ is the weighted correlation between residuals Y − h(X; θ) and Y −
h(X; θ′) for independent θ and θ′.
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Table 5.3: Correlations between all gait parameters, expert clinical rating
(ECR) and SARA scores.
Table 5.4: Correlations between principal components of the selected features,
expert clinical rating (ECR) and SARA scores.
The inequality in Equation (5.4) pinpoints what are required for an accurate RF
regression including low correlation between residuals of differing tree members
in the forest and low prediction error for the individual trees.
In the context of entire randomized trees, the evaluation of feature contribution
(FC) of a variable Xm for predicting y is calculated by integrating the weighted
impurity decreases p(t)∆i(st, t) for all nodes t where Xm is used, averaged over




ΣTΣt∈T :v(st)=Xmp(t)∆i(st, t) (5.5)
where p(t) is the proportion Nt/N of samples reaching t and v(st) is the feature
used in split st, which is a binary test (Xm < c) at internal node t.
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Figure 5.4: Principal component representation for extracted features from
torso and lower body movements.
5.4 Results
As the gait speed increases, the vertical movements (VT) from control sub-
jects presented a more significant increase in comparison to the movements in
the ML plane (as shown in Figure 5.3). On the other hand, for the case of
patients, both VT and ML remain relatively unchanged. VT movements in-
creased more significantly in controls, with a relatively arbitrary increase in the
speed of movements in the ML plane, whereas for patients, both VT and ML
indicate similarly. This can be translated to higher overall speeds in controls
than in patients. Cadence parameters of controls increased significantly from
57.03 to 109.03 (steps/min) when the walking speed altered from slow to fast.
The summary of relevant gait parameters are described in Table 5.2. Most of
the statistically significant parameters (p − value < 0.05) were entropy-based
features of upper body movements and amplitude-at-resonance based features
of lower limb movements, as depicted in Table 5.2. Significant separation be-
tween the two cohorts due to these features (extracted from the walking speed
measurements) are graphically displayed in Figure 5.3.
In the slow walking test, the entropy-based feature measured from the torso
was significantly distinct with a low p-value (p < 0.01). However, the amplitude
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Figure 5.5: Principal component representation of selected features from torso
and lower limbs: scatter diagram of PC2 and PC3 (left) and box-plot and
whisker (right) of PC2 for patient and control cohorts.
at RF from the lower limbs was able to differentiate the two cohorts in the fast
walking speed. These two features were fused to obtain an optimal measure of
the gait ataxia. All of the parameters were further evaluated via correlation
coefficients with the expert clinical assessments outlined in Table 5.3.
The significant features extracted from the data were analysed using PCA
technique. The procedure includes (1) the entropy-based analysis of the move-
ments of the torso as measured in the ML and AP directions and (2) the
amplitude at resonance-based features captured from lower limb movements
in the AP direction (Table 5.3). The lack of significant separations between
controls and patients through the principal components for each walking test
(slow, preferred and fast) after combining parameters from the upper and lower
body (as plotted in Figure 5.4) associated with the benefit of combining these
features and fusing the information from different walking speeds are clearly
demonstrated in Figure 5.5. As a matter of fact, the principal component 2
(PC2) of the combined features manifests not only the disability but also the
dissimilarity between the control and patient cohorts.
5.4.1 Correlation
According to the clinical assessments, the patients are classified into three
different sub-groups ranging from 0 to 2, representing the less severity degree
(0) to the most severity degree (2), respectively. This classification is attributed
Chapter 5. Quantitative Assessment of Abnormal Gait Ataxia
Using Inertial Sensing at Different Walking Speeds 112
Figure 5.6: Feature contribution evaluated by random forest regression ap-
proach (the parameter FC derived in Equation 5.5).
to the high variability of entropy values in patients, since higher entropy values
imply a higher degree of severity. The results were evaluated by Spearman’s
rank correlation coefficient. The correlation between sensor 1 attached to the
chest with the expert clinical assessments (ECA) and the SARA assessment
are presented in Table 5.3 indicating the highest correlation values (0.77 and
0.56 for ECA and SARA respectively) corresponding to slow walking with
upper body kinematic measurements. In addition, fast walking test achieved
the highest correlation values (which are 0.53 and 0.49 for ECA and SARA
respectively) with the kinematic features captured from the lower body. The
correlation between ECA and the PCs improved significantly when combining
all the kinematic features from three sensors whereas PC2 provided a highest
correlation value of 0.81 with ECA and a value of 0.62 with SARA scores.
5.4.2 Hypothesis Testing
Generalised scores of two-sample t-test were calculated for individual principal
components, i.e. PC1, PC2 and PC3. For each principal component, the
hypothesis Ha which the corresponding values for patients and controls (i.e.
the principal components of the two groups) were significantly different, and
tested against the null hypothesis H0 where there is no difference between
the patient and control groups. Assuming a 0.1 level of significance, a p-
value ≤ 0.05 indicates strong evidence against H0, and vice versa. For each
Chapter 5. Quantitative Assessment of Abnormal Gait Ataxia
Using Inertial Sensing at Different Walking Speeds 113
Figure 5.7: Performance evaluation of cross-validation trained model with a
range of tree numbers.
routine movement, the score of the test is presented in Table 5.3, with the
corresponding p-value for all features from upper and lower body positions
independently. The table also presents the mean and STD values for all features
in each sub-test (slow/preferred/fast walking). As the p-value generated from
entropy and frequency based features is smaller than 0.05, strong evidence to
reject the null hypothesis H0 is observed. The components from PCA analysis
were also evaluated by the two-sample t-test. The lowest p-value, < 0.01, was
observed from the second component, PC2 which also is well-correlated with
the clinical scores (0.81 for the expert clinical scores and 0.62 for the SARA
scores). Further, the RF approach can be ultilised to predict the severity of CA
patients from the key features (torso and lower limbs). The cross-validation
model was trained with a range of decision tree numbers. Figure 5.7 displays the
correlation coefficients in trained models with different number of trees. The
trained model with 95 trees was considered as the most stable performance
among various applied models with higher number of trees. it is also evident
that the predicted value from trained RF model correlated well with the ECR
which the correlation coefficient is 0.88.
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5.5 Discussion
Traditionally, clinicians observe a number of various elements during the con-
duct of gait assessments to diagnose and assess the severity of cerebellar ataxia
based on different factors which include their experience. By combining kine-
matic parameters from three anatomical locations (torso and both ankles) in
three different walking speeds, the correlation between the results based iner-
tial measurements and the expert clinical rating was improved considerably. A
strong correlation between the instrumented measures and the PCA are vital
in establishing the validation of the proposed approach presented in this chap-
ter. However, a superior correlation attempting to mimic the clinician may
inevitably be recognized as disregarding the ability to uncover insightful infor-
mation that is not typically observable by the practising clinician. The feature
contribution was evaluated based on the concept of random forest regression.
According to the results, the left and right ankle measurements contributed 56%
respectively at the fast walking speed while the torso features from the same
test contributed only about 1%. Feature contribution values FC are identical
from different features about less than 8% at the slow walking and less than
27% at preferred walking speed (Figure 5.6). Therefore, upper body kinematics
contributed relatively less than the lower body with lower variations among the
corresponding feature proportion for PC2 due to variation in walking speeds.
The optimal correlation between the instrumented measurements and the ex-
pert clinical assessments was 0.81 while slow walking provided a correlation
coefficient of 0.77 for movements in the AP plane and 0.67 for movements in
the ML plane. Although the truncal kinematics are well-preserved in the nor-
mal cohort [231], the disability related to cerebellar ataxia is prominent across
three walking speeds. In the final results, PC2 contained the most significant
information and considering as significant contributions in a linear form, while
the left and right ankle measurements contributed 33% and 27% respectively
at the fast walking speed and the torso features from the same test contributed
only approximate 1%. Contribution values from different features are about
[5.44-10.96](%) and [0.43-3.94](%) respectively at the slow and preferred walk-
ing speeds (Figure 5.6). Lower-limb measurements contributed significantly to
PC2 in comparison to the truncal measurements. With respect to the truncal
measurements, ML movements at slow and preferred walking speeds achieved a
more prominent distinction between the two cohorts, although AP movements
separated clearly between the cohorts consistently across all walking speeds
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(Figure 5.3). The entropy values based entropy measure in general, discrimi-
nated between the two cohorts at the slow walking speed. Although the torso
measurements were able to classify the two cohorts, they provide lesser contri-
bution to the correlations with the final results but closely resemble with the
clinical assessments (indicated as PC2 in Table 5.4). In contrast, the lower
limb measurements have less discriminatory performance with respect to the
resonance frequency-based features while their contributions to the final results
were dominant, particularly in fast speed walking.
5.6 Summary
In this chapter, a quantitative assessment of gait ataxia for the diagnosis of CA
disorders was proposed with strongly emphasis on the effects of different walk-
ing speeds (i.e. slow, preferred and fast). The kinematic behaviours of the torso
and lower limbs were also considered in this context. The velocity measurement
based signal irregularity and dominant frequency based features were used to
capture the uncertainty of the physiological information when performing walk-
ing tests, which translated to the severity level of CA. The findings demonstrate
that the disability is prominent in truncal AP movements which are effected
similarly across all walking speeds. Measurements of ML movements from the
upper-body is more discriminatory at the slow and preferred walking speeds
than fast walking. The contribution to the overall scores that demonstrates a
closer agreement with the clinical scores is predominantly from the lower body.
This suggests that expert clinical observations are intrinsically biased towards
the lower limb ataxia and this, in particular, is evident at higher speeds. Torso
motions in the ML plane are more discriminatory at the lower walking speeds,
whereas analysis of movements in AP plane distinguished effectively the two
cohorts at all three speeds. Previously, it has been proved that as gait speed
increases, the VT excursion increases while the ML excursion decreases [232].
This statement is in line consistently with the truncal observations that slow
walking results in large displacements with respect to ML movements in the
center of mass and hence produces a more insightful dataset for the objective
assessment and severity ratings of gait ataxia.
Chapter 6
Conclusion
In recent years, global trends such as population ageing, low birth rates and
shortage of medical resources have strongly emphasized the need for the de-
velopment of nationwide healthcare systems. Significant proportion of these
issues constitutes a number of major challenges for the physical rehabilitation
domain. As a matter of fact, rapid cognitive and intelligent systems have been
developed to provide disabled people with more effective and convenient reha-
bilitation exercises which reduce the costs of health care while still maintaining
the quality of medical services. Though, achieving higher quality using the
existing methods and models is really challenging and tough. Hence, it is vital
to establish a practical framework for advancement of therapeutic outcomes
through innovative technologies, particularly in the physical and neurological
rehabilitation research. This demand also includes an objective assessment of
disabilities and remote health condition monitoring to reduce the number of
hospital visits and thus relieve the burden on the current healthcare systems.
Further, researchers have specially focused on assessing patients during daily
basis, especially by engaging assistive means based wearable devices in order to
unobtrusively obtain information pertaining to health status in real-time activ-
ities. This indeed is a direct association to the clinical objectives for enabling
the patients to reintegrate on regular daily basis. Combining the advances in
signal processing techniques, material designs and computer science, a wide
range of wearable sensors and assistive devices have been developed for several
decades, and hence increasing the special interests of researchers in the health-
care sectors. In fact, ambulatory devices can be employed to obtain important
human physiological parameters which reflect their underlying health status in
terms of movement disabilities. These devices are commercially available in
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ambulatory forms, providing a means of remote or home-based clinical moni-
toring. As inertial measurements generated from these wearable devices may be
useful in capturing health conditions, inertial sensors and such assistive devices
are considered to investigate their uses in the quantitatively objecitve assess-
ment of movement disorders such as Parkinson’s disease, Stroke and Cerebellar
Ataxia, etc.
Wearable sensors are usually attached on the patient’s body segments to
record and analyse biological signals such as electrocardiogram, respiratory
rate, or heart rate, which can be performed in a continuous monitoring fash-
ion. The sensors are connected wirelessly to each other or to an external link
device, forming a body sensor network (BSN). BSNs enable real-time data ac-
quisition associated with a number of advantages such as ubiquitous, pervasive
and non-obstructive monitoring of the patient’s health status relating to func-
tional characteristics and the early detection in case of emergency. They not
only reduce significantly the costs of medical care, since remote health condi-
tion monitoring platform can be demonstrated in non-clinical settings, but also
lead to an enhanced quality of clinical diagnosis, even potentially enable the
early recognition of certain diseases. Therefore, they are generally considered
to be a robust and affordable means for capturing human movement kinemat-
ics. Indeed, the wearability and long-term use of these inertial sensing systems
are vital to their successful uptake in the therapeutic assistive device arena,
providing a myriad of opportunities for biomedical applications. A typical ex-
ample of such opportunities is found in the ability to accurately and wirelessly
capture and analyse human physical movements in real-time. In addition, the
kinematics of human motions also have direct relevance to the diagnosis of
neurodegenerative disorders. Most of neurological diseases severely impair pa-
tient’s kinematic functionalities resulting in the inability of performing daily ac-
tivities comfortably such as postural balance control. Also, there is a dearth of
robust biokinematic-markers in the extensive area of stability disorders, which
can be carried out in the evaluation of disease progression or in the quantifi-
cation of clinical rehabilitation services. This latter point comprises a number
of potential applications, which include the ability to measure the outcomes or
the progress of rehabilitation programs. Traditional clinical assessments suffer
significantly a number of issues due to subjectivity and inter-rater discrepancy.
However, numerous investigations still provide not only conflicting results but
also inconsistencies within relevant cohorts when implementing those subjective
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clinical assessments. A closer investigation into kinematic analysis of human
movements due to physical and neurological conditions affecting patients is
likely to enhance traditional clinic-based semi-objective assessments. The ulti-
mate purposes of objective automated clinical assessments are to deliver more
accurate evaluations, enhance the uptake and promote the use of affordable,
integrated inertial sensing systems through a range of medical applications,
including long-term physiological monitoring and the progressive improvement
of patient’s abilities to perform daily activities.
With regard to musculoskeletal, biomechanical-related movement disorders
and injuries, a low-cost wearable sensing platform may provide an alternative
mechanism to collect characteristic information corresponding to the disabili-
ties. Furthermore, exploration of biofeedback-markers related to specific dis-
eases and injuries such as osteoarthritis should be taken into consideration. Due
to the agility in regular movements, upper-limb movement estimation has been
considered as the most difficult issue in human motion analysis. Measuring
the range of motion of each joint is also of great importance since these val-
ues reflect flexibility in the operational performance of upper-limb movements.
The existing movement estimation systems are mainly based on multiple struc-
tured high-resolution cameras, such as VICON system. However, these systems
have limited uses in practice due to expensive costs, sophisticated installation
and operational requirements. Therefore, the development of advanced tech-
nologies based micro inertial/ magnetic sensors has created numerous effective
solutions for capturing human motions that are independent of ambient light
errors. First work of this thesis presented an investigation of various orienta-
tion estimation methods based on the Wahba’s problem to measure the range
of motion for the objective clinical assessment of arm kinematics. The use of
inertial/magnetic sensors is a potential solution for this problem. However, the
main challenge to this measurement based sensing platform is the increasing
drift when integrating gyroscope readings to obtain the range of motion. Sev-
eral studies have considered alleviating the drift problem derived from angular
rates, yet another inertial measurements (earth’s magnetic field and gravita-
tional orientation) are capable only to estimate the range of movements by
applying the theory of Wahba’s problem. Indeed, the solutions of Wahba’s
problem have closed-forms which are efficient to estimate the range of motion.
Based on the root mean square errors of rotational movements when conduct-
ing abduction/adduction, flexion/extension exercises and lifting a water bottle
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task, the QUEST algorithm outperforms than other methods demonstrating a
higher degree in terms of robustness which can be applicable even in assessing
more sophisticated gestures during daily activities.
While the motions of the upper extremity (including the trunk, shoulder,
elbow and wrist) are the most significantly complicated among other body
segments, the portions of specific tasks which actively engage the wrist joint
derived from most of daily activities have been considered as encapsulating in
the DTM. A deeper understanding of wrist kinematics and the functional arc
paths of the human wrist joint when performing DTM may provide advances in
non-surgical and surgical treatments of wrist injuries, implant design, and re-
habilitative progress. Clinically, range of motion (ROM) is typically considered
in assessing kinematic flexibility and consistency of the wrist joint. Unfortu-
nately, this traditional assessment is still limited in practice as determining
only the ROM in the anatomical planes consist of flexion-extension (FE) and
radial-ulnar deviation (RUD) movements. In light of recent studies, as DTM
is regarded to be a vital movement which contributes in numerous manual
functional occupations as well as operating daily activities, and thus, clinical
assessment of the range of motion of the wrist can be conducted more effectively
using DTM. This type of movement is popular in ballistic movements (throw-
ing), occupational activities (hammering), and household tasks (pouring), and
hence incorporating DTM into rehabilitation protocol is pivotal. Therefore, it
is crucial to develop a wearable platform-based for the use of inertial sensors to
enhance opportunities to regularly and easily evaluate the functionality of the
wrist joint by performing DTM. Owing to the lack of wrist research and partic-
ularly the kinematics of DTM, the second contribution in this thesis examines
the characteristic functionality of the wrist movements in a dynamic setting
as DTM by using only gyroscopic data measured from two IMU sensors based
wearable sensors. A novel scheme for performing objective evaluation of wrist
coupling parameters and kinematic behaviours through DTM was proposed
and this technique was used in the evaluation of individuals after undergoing
surgical procedures. The clinical trials associated with the proposed method
provided a valuable insight representing patient’s abilities when performing
DTM task that captures kinematic performance of hand and wrist movements
and/or other relevant gestures. These motions are well-captured in a dynam-
ically changing orientation in the form of instantaneous rate of displacement
of the wrist represented by a quaternion metric, known as a four-dimensional
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vector with one real and three complex elements. Unit quaternion is chosen to
interpret the corresponding rotation and orientation of the human body seg-
ment, particularly in relevance to the wrist joint, as it avoids the singularity
phenomenon that is normally related to Euler angles/rotation matrix. Adding
to this, there is a need for a similarity matching between the wrist motions of
different participants to discriminate the rotational trajectories of DTM into
two different cohorts including healthy and injured wrists. Dynamic time warp-
ing (DTW) technique has already been widely used by researchers in a number
of fields related to motion capture data processing. However, a majority of
those studies concentrate on signals that are mostly derived from time series in
single dimension. In Chapter 3, DTW was applied to multi-dimensional trajec-
tories formed by quaternion presentation. Generally, kinematic features asso-
ciated with wrist movements were extracted from healthy and patient subjects
and then led to the critical analysis in terms of similarity or dissimilarity in the
kinematic trajectories described from the quaternion domain (as shown in Fig-
ure 3.12). Overall, the approach effectively discriminates patients from normal
subjects and alleviates the need of calculating the range of wrist joint motions.
This implies that the quaternion trajectory associated with classical DTW can
be considered as a useful kinematic description for DTM in order to assess and
characterize the functional performance of the wrist. Additionally, wrist kine-
matics and task performance during DTM were significantly different in patient
groups compared to the normal cohorts (Figures 3.13 - 3.15). Clustering and
classification results confirm that this proposed method is well-correlated with
clinical assessments indicating a high positive correlation (0.87 as listed in Ta-
ble 3.6). The distance metric-based quaternion trajectories of injured wrists
are substantially small and different from those of normal wrists. These results
have a strong correlation with the previous studies. In addition, the kinematic
performances were all significantly reduced in patients compared with healthy
subjects during DTM. This work outlined in the thesis can be considered as
a preliminary research in terms of the first clinical trial series using wearable
sensor technology and dynamic trajectories based on quaternion representation
for the functional characteristics of wrist joint’s kinematics when undertaking
DTM. This is not only a direct method of human wrist movement analysis but
also to deliver beneficial advances in evaluating impaired-wrists undergoing
post-surgical rehabilitation programs. The introduced approach gathered over
the practical process can yield valuable recommendations and visual cues for
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facilitating the clinical assessment of the wrist joint functionality. Kinematic
coupling parameters are able to represent accurately the global observations of
the wrist functional performance through certain intricate movements. Thus,
differences in these variables can potentially address the lacuna that currently
exists and serve as a normative reference data for kinematic coupling param-
eters during other functional tasks to assist the clinical assessments, planning
treatment programmes, and may even lead clinicians into making more effective
decisions.
In the context of human movement analysis, remote health monitoring sys-
tems are also being considered for the rehabilitation therapies associated with
neurological diseases such as Cerebellar Ataxia (CA). CA results in deficiencies
in muscle movements and lack of coordination that are often manifested as gait
and balance disabilities. Conventional CA clinical assessments are subjective,
limited and provide less insight into the functional capabilities of patients. As
indicative of the literature review, there is no single statistical measure that can
fully describe the complex characteristics of physiological systems. However,
the differences in such measurements can be used to support the changes in
terms of complexity due to the severity of disorders under specified pathologic
conditions.
Entropy measures based approaches have drawn a significant amount of at-
tention due to their sensitivity in determining the regularity and complexity of
physiological signals. Engaging entropy methods in the cross-sectional study
using wearable inertial sensors on the front-chest and upper-back locations dur-
ing the Romberg and Trunk tests has proven to be more sensitive and effective
than the traditional Center of Pressure (COP) in capturing the changing fluc-
tuations of human stability performance. To the best of knowledge, Chapter
4 is the first study that these ideas have been engaged in the objective assess-
ment of movements pertaining to the disabilities due to CA. Several forms of
entropy descriptions were considered to uncover the unknown characteristics of
movements intrinsic to CA. Indeed, a relatively high correlation with clinical
observations is vital in ascertaining the validity of the inertial measurements
as well as capturing unique features based abnormal movements not typically
observed by the clinicians. Both of these aspects form an integral part of
the underlying objective assessment scheme. Uncertainty in the velocity con-
tained a significant level of information with respect to truncal instability and,
based on an extensive clustering and discriminatory analysis, Fuzzy entropy
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has been identified as an effective measure in characterising the underlying dis-
ability. Front-chest measurements demonstrated a strong correlation (0.79 in
Table 4.1) with clinical assessments while the upper-back measurements out-
performed in classifying the two cohorts (0.92 in Table 4.2), inferring that the
standard manual clinical assessments are relatively influenced by the frontal
observations (as described in Figure 4.3 and Table 4.1). Therefore, it should
be highlighted that the discriminatory capabilities are not always associated
with higher correlation with specialist observations. This can be interpreted
that certain sensory features may not be directly observable during clinical
standard assessments. In other words, the placements of these inertial sensors
can play a pivotal role in capturing the underlying disability and specifically
in obtaining certain movements of special interest. The Romberg test was con-
firmed to be an effective examination of neurological diagnosis as well as a
potential candidate for objective assessment resulting in a significant correla-
tion with the clinical assessments. In contrast, the Trunk test is observed to
be relatively less informative.
Moreover, the effects of various walking speeds and how they manifest as
disabilities in the lower body considering as gait characteristics have rarely
been studied in neuro-rehabilitation, particularly among patients with CA.
This indeed has ramifications in affecting human gait postures during daily
life activities and thus it is vital to quantify human gait characteristics under
different walking speeds while considering mostly upper body movements. The
last chapter in this thesis investigates the impacts of different walking speeds
on various gait parameters of both the upper and lower body, as a result of
disabilities caused by CA (Figure 5.2). The irregularity in the velocity captured
by the entropy measure was used to estimate the uncertainty or complexity,
which can be directly use to translate to the severity of ataxia. In general, the
disability is prominent in truncal AP movements when walking with all speeds,
while the ML movements from the trunk position is more discriminatory at slow
and preferred speeds than fast walking. This suggests that standard clinical
assessment is intrinsically biased towards the lower limbs and hence this, in
particular, becomes more prominent at higher speeds. Though clinical scales
can represent general severities, the proposed method in Chapter 5 provides
a clearer insight into the postural stability problems, enhancing the uptake
and promoting the use of wearable sensors in longer-term monitoring scenarios
facilitated by low-cost measurement systems for capturing key features that is
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hardly observed in a direct screening through standard clinical observations.
Though the results are potential promising and the inferences are clearly
inevitable. There still remains a number of lacunas where further studies are
necessary to confirm the underlying assertions and reaching the goal of embed-
ding these ideas to clinical practice. Independent samples of patients and con-
trols, potentially from a range of different demographic and geographic areas,
can validate the consistency of these outcomes as per the standard practice
in developing healthcare technologies. Larger data sets are crucial for fur-
ther analysis. By employing knowledge-based data mining approaches, cluster
boundaries between normal and disabled cohorts are specified to substantiate
these underlying characterisations in non-clinical settings. The disability traits
having potential links to other variations such as gender, age, ethnicity can also
be investigated with a larger number of respective cohorts. A rigorous evalua-
tion of the proposed approaches covering numerous patients with other pheno-
types and more sophisticated noise filtering mechanisms should be conducted
to enhance the robustness and the reliability of the IMU module in evaluating
the human motion kinematics. In particular, future extension of the study is
to design a more sophisticated orientation estimation of the wrist joint so as
to develop a clinical performance index based on the inertial measurements of
the proximity to quantify the level of neurodegenerative disease. Subsequently,
the performance index can be improved to evaluate the severity of the injured
wrist effectively in an automated assessment mechanism. The impact of spe-
cific recovery strategies expressed through kinematic coupling parameters and
functional performance indicators of individuals with wrist pathology are also
pivotal to be further investigated.
In a nutshell, since prior bedside evaluation of cerebellar ataxia is necessary
for patient monitoring and validating the efficiency of the rehabilitation, these
objective measures can also be considered as relevant biofeedback-markers for
screening patients in specific genetic diagnoses leading to better-customized
healthcare programs. While these advances can play a significant position in
the objective assessments phase, diagnosis and disease progression can be struc-
tured into well-evidenced clinical guidelines and interventions for Cerebellar
Ataxia. To be more specific, an objective assessment associated with improved
classification of ataxic disturbance will dedicate more novel achievements in
the field of biomedical engineering, particularly in neural engineering.
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A number of significant contributions have been conducted in this disserta-
tion that create substantial foundations in automating the objective assessment
of human kinematic performance for rehabilitation services. This is a prelim-
inary research that establishes the feasibility of using wearable sensors appro-
priately for convincing initiation of longitudinal studies in various neurologi-
cal movement disorders. Wearable sensors integrated with Internet-of-Things
(IoT) or Internet of Medical Things (IoMT) for advancing remote health moni-
toring is also of further interest to develop an effective tele-rehabilitation system
with insightful contents based on bio-kinematic feedbacks. Further, the secu-
rity of biomedical information must be maintained throughout the process of
real-time data acquisition and transmission. To achieve this, cutting-edge tech-
nologies developed in the field of artificial intelligence, such as data mining and
machine learning, can be applied since intelligent solution are extremely impor-
tant, particularly in post-sensing signal processing, data fusion, and operational
decision making. Recent years have considered a remarkable paradigm shift in
storage of Electronic Health Records (EHRs) on mobile cloud environments
where mobile devices are integrated with cloud computing to facilitate medical
data exchanges among patients and healthcare providers. This advanced model
enables to achieve low operational cost, high flexibility and EHRs availability
for better healthcare services. However, this modern trend also creates consid-
erable concerns about data privacy and network security for e-health systems.
In the realm of data security, how to reliably access EHRs among mobile users
and health services while assuring the high levels of security in every mobile
cloud is a coming challenge. Therefore, it is necessary to develop novel methods
which enable the operational security during the progress of data sharing and
management even in unsafe environments on mobile IoMT clouds by employing
blockchain technology due to its potential feasibility and information privacy
in a wide range of healthcare applications. As an ultimate goal, both the
clinicians and patients can be benefited with objective automated assessments
that are more accurate and user-friendly by the means of low-cost home-based
healthcare monitoring systems.
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